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Abstract
Positive pressure mechanical ventilation is a crucial therapy for patients with
respiratory failure in the intensive care unit. The progression of disease and
condition of the lung both influence mechanical behaviour of the respiratory
system. Guiding mechanical ventilation treatment with respiratory mechan-
ics allows a patient-specific approach to treatment, which can lead to im-
proved alveolar recruitment, less ventilator induced lung injury and improved
patient outcomes. Mathematical models of respiratory mechanics that can
integrate this data into real-time, patient-specific respiratory mechanics pa-
rameters to monitor and guide treatment. Thus mathematical models can
play an increasingly necessary role in implementing patient-specific mechan-
ical ventilation therapy.
This research tests and optimises respiratory mechanics models across a
range of clinical data, predominantly from the pilot phase of the Clinical
Utilisation of Respiratory Elastance (CURE) trials. A key issues in any such
models is the trade-off of elastance and resistance, where poor models of
resistance skew the results and utility of elastance and estimate and make
the model unusable. This research presents a model that allows resistance to
vary linearly with pressure. It offers similar performance to a more complex
x
Abstract xi
viscoelastic model in increasingly common pressure support modes, and im-
provements in volume control modes of ventilation. The variable resistance
model suggests that resistance increases with pressure during inspiration.
Existing models for respiratory mechanics do not perform well in the
presence of patient effort. However, patient effort is increasingly common in
the increasingly preferred ventilation support modes. Patient effort can be
measured, but adds significant invasiveness and cost, and this is not clinically
feasible. This research explores the impact of patient effort on respiratory
mechanics, and how to maintain stable and accurate estimations of respira-
tory mechanics when patient effort is unknown, variable in time and effort,
and significantly affects identified model results. A pressure reconstruction
algorithm, and a polynomial model of patient effort are developed to allow
stable estimations of respiratory mechanics in the presence of patient effort.
A comparison of five different models and reconstruction methods tests their
ability to provide consistent and correct estimates of respiratory mechanics
in different volume control datasets with and without patient effort. An iter-
ative pressure reconstruction method combined with stacking of small groups
of reconstructed breaths in moving windows is shown to be the best method
for consistent and accurate respiratory mechanics estimation.
Methods are also presented for automated asynchrony detection, and
while they achieve promising results, there is need for more accuracy before
they are clinically useful. In particular it is difficult for automated methods
of monitoring asynchronous patient effort to be highly accurate, and there is
a need for a broader set of patient data to further develop any such methods.
Abstract xii
Overall, this thesis evaluates the ability of mathematical models to assess
respiratory mechanics for monitoring and clinical decision support in me-
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Chapter 1
Introduction
Let’s start at the very
beginning. A very good place to
start
Oscar Hammerstein,
The Sound of Music
1.1 Respiratory Physiology
The primary function of the human respiratory system is to ensure adequate
supply of oxygen (O2) to the blood and to the body tissues, and to pro-
vide adequate removal of carbon dioxide (CO2), a waste product of cellular
respiration. This function is achieved by matching ventilation and perfusion
(Hull et al., 1985). Ventilation is the tidal movement of air between the lungs
and the environment. Perfusion is the blood supply to the alveolar capillar-
ies. When ventilation and perfusion are matched, O2 from the environment
reaches all regions of the lung that are supplied with blood, and CO2, can be
removed from the blood and expelled into the environment (Barrett et al.,
2010).
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Figure 1.1: Movement of the diaphragm in inspiration and expiration (Sebel
et al., 1985).
The lung must draw air from the environment into the body. For there
to be movement of air, a pressure differential must be created. During inspi-
ration, the intercostal muscles move the ribcage outwards and up, while the
diaphragm contracts and moves down as seen in Figure 1.1. This movement
creates negative pressure in the pleural space around the lungs, drawing air
into the airways. Expiration is passive, and the inspiratory muscles relax,
which allows the lungs to deflate as a consequence of the elastic recoil of the
chest wall and lung tissue. This process forces air out of the lung, as the
pressure inside equilibrates with atmospheric pressure.
Figure 1.2 shows an overview of structure of airways from trachea down
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to alveoli. The airways divide 23 times betweeen the trachea and the alveolar
sacs (Barrett et al., 2010), and due to many divisions of the airways, the cross
sectional area increases greatly from 2.5 cm2 in the trachea to 11800 cm2 in
the alveoli. As a consequence of this, the flow of air in the lower generations
of airways is very small.
Figure 1.2: Structure of the respiratory system showing the transition from
conducting airways to respiratory airways and the anatomy of the alveoli
(Barrett et al., 2010).
Air enters the respiratory system through the nose, mouth, pharynx and
larynx, where the air is warmed and humidified. Air then travels into the
trachea, a flexible tube supported by cartilage, before a series of bifurcations
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split the airways into primary, secondary and tertiary bronchi. Each tertiary
bronchus branches several times within its specific region of the lung resulting
in multiple bronchioles, which further divide into terminal bronchioles. Bron-
chioles lack cartilage support, and are dominated by smooth muscle tissue.
The terminal bronchioles have diameter of 0.3-0.5 mm (Martini et al., 2001).
Terminal bronchioles, which are a conducting airway, divide further into sev-
eral respiratory bronchioles, which deliver air to the gas exchange surfaces
of the lung. Respiratory bronchioles are connected to individual alveoli and
to multiple alveoli through alveolar ducts that end at alveolar sacs (Martini
et al., 2001).
The alveoli are where gas exchange occurs. The average adult human lung
contains around 300 million alveoli, with a diameter of 200 µm (Whimster,
1970), and are associated with an extensive network of capillaries. Figure 1.3
shows the cross section of capillaries neighbouring the air spaces in the alveoli.
Alveolar type II cells, seen in Figure 1.3, produce surfactant, an oily secretion
of proteins and lipids. Surfactant reduces the surface tension of the liquid on
the alveolar surface. Alveoli have a delicate structure, and without surfactant,
the surface tension would cause collapse (Martini et al., 2001).
Gas exchange from the air inside the lungs, to the pulmonary capillaries,
relies on a large area, approximately 70 m2, of alveoli in contact with capillar-
ies (Barrett et al., 2010). The respiratory membrane that separates alveolar
air from blood has an average thickness of 0.5 µm, and can be as thin as
0.1µm (Martini et al., 2001). Diffusion across this membrane is very fast due
to the small distance, and because both O2 and CO2 are lipid soluble. The
anatomy and physiology of a human lung thus enables efficient transport of
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Figure 1.3: Cross-section of the respiratory zone showing the capilaries and
alveoli at the termination of a respiratory bronchiole (Widmaier et al., 2008).
O2 into the blood, and elimination of waste products of respiration, such as
CO2, from the blood. Enough O2 must diffuse into the blood to balance the
metabolic consumption and maintain an appropriate arterial partial pressure
of oxygen (PaO2). Equally, CO2 must diffuse out of the blood to maintain
arterial partial pressure of carbon dioxide (PaCO2) and pH in a normal range.
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1.2 Respiratory Failure
Respiratory failure is a result of inadequate gas exchange, when proper levels
of O2, CO2, or both, cannot be maintained in blood. Inadequate gas exchange
can be a result of either poor ventilation, poor perfusion, or both. Poor
ventilation means fresh air is not reaching the gas exchange surfaces in the
alveoli. Poor perfusion means blood is not adequately supplied to the lungs.
The two terms thus cover the main possible cases of inadequate gas exchange.
One cause of poor ventilation is a failure of the respiratory muscles, lead-
ing to decreased, or zero breathing effort. There are many and varied causes
of the respiratory muscle failure (Laghi and Tobin, 2003), including fatigue
and damage to the diaphragmatic and intercostal muscles, and damage to
the peripheral or central nervous system. When the muscles fail to provide
a negative intrapleural pressure, air will not flow into the lungs, resulting in
respiratory failure if there is no external support.
A decrease of available surface area for gas exchange is another major
cause of poor ventilation. This decrease generally occurs either when the
alveolar spaces become filled with fluid, or the alveoli collapse, or the con-
ducting airways get occluded or blocked. Accumulation of fluid in the air
spaces of the lung, known as pulmonary oedema, vastly decreases the area
available for gas exchange, and the diffusion of gases through the fluid accu-
mulation is much slower than diffusion from alveolar air. Pulmonary oedema
can be cardiogenic, which means originating from the heart. Typically, this
outcome occurs as a result of left ventricular failure. Pulmonary oedema is
also a result of direct injury to the lung tissue. The direct injury can be from
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pneumonia, trauma, near drowning, inhalation of irritants, such as fumes or
smoke, or aspiration of vomit. Even if the alveoli are no longer filled with
fluid, they may collapse, an outcome known as atelectasis, due to being ex-
ternally compressed or because of inadequate distribution of surfactant.
When alveolar regions of the lung are not ventilated, the blood circulating
through these capillaries does not have O2 added or CO2 removed, a condition
known as shunt. Thus, the blood that is shunted has a lower concentration of
O2 and higher concentration of CO2 than the blood that participates in gas
exchange, and overall total gas exchange is reduced. When the blood from
ventilated regions of the lung mixes with shunted blood in the pulmonary
veins and the left heart, it results in decreased PaO2.
Dead space refers to ventilated regions of the lung that are not perfused,
and thus do not participate in gas exchange due to lack of blood for gas
exchange. Anatomical dead space is the volume of the conducting airways,
from the mouth to the bronchioles, and exists in healthy lungs. Physiological
dead space includes the anatomical dead space and the volume of alveolar
spaces that are not perfused. In a diseased state, physiological dead space can
increase to much larger than anatomical dead space. Increased dead space
results in decreased PaO2 and increased PaCO2, again due to reduced overall
gas exchange.
Chronic obstructive pulmonary disease (COPD) is a long term lung dis-
ease characterised by gradual progression of airflow obstruction. Though
there may not be pulmonary oedema and atelectasis present, it still im-
pairs lung ventilation by increasing airway resistance. As expiration is more
difficult, dynamic hyperinflation occurs as additional air remains in the lung
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at end expiration. Hyperinflation increases the load on the respiratory mus-
cles, and increases the work of breathing. Because expiration is impaired,
PaCO2 levels are also elevated. While COPD is a long term condition, acute
exacerbations often result in hospitalisation (Loring et al., 2009).
1.2.1 Acute Respiratory Distress Syndrome
Acute respiratory distress syndrome (ARDS) was first identified by Ashbaugh
et al. (1967), as being caused by a wide variety of disease, resulting in a
collection of common symptoms. Positive pressure ventilation was identified
as being important in the treatment of ARDS, but there were no specific
treatment approaches suggested. In 1994, the American-European Consensus
Conference (Bernard et al., 1994) met to create consistency in its definition
(Burleson, 2005), and defined ARDS as:
• A syndrome of acute onset of respiratory failure
• Bilateral infiltrates on chest radiograph
• Absence of elevated left heart filling pressure
• PaO2/fraction of inspired oxygen (FiO2) less than 300 mmHg for Acute
Lung Injury (ALI) and less than 200 mmHg for ARDS
The Berlin Definition (The ARDS Definition Task Force, 2012; Ferguson
et al., 2012), is an updated definition which removes ALI, and reclassifies
ARDS into mild, moderate and severe, based on the PaO2/FiO2 ratio, all
with positive end-expiratory pressure (PEEP)> 5cmH2O. It is thus defined:
• PaO2/FiO2 < 100 mmHg is severe ARDS
• 100 mmHg < PaO2/FiO2 < 200 mmHg is moderate ARDS
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• 200 mmHg < PaO2/FiO2 < 300 mmHg is mild ARDS
In addition, the timing of onset is specified as 1 week, and any radiographic
opacities must not be fully explained by effusions, lobar collapse or nodules.
As ARDS is a collection of symptoms, rather than a disease, so it does
not have a specific cause, but rather a range of common etiologic risk factors.
Ferguson et al. (2012) outlines the common risk factors for ARDS:
• Pneumonia
• Non-pulmonary sepsis








• Transfusion-associated lung injury
• Pulmonary vasculitis
• Drowning
Earlier studies of ALI and ARDS had very high mortality of 40-60%
(Ware and Matthay, 2000; Zilberberg et al., 1998; Suchyta et al., 1992),
though the majority of deaths were attributed to sepsis or multiorgan failure
instead of respiratory causes. Later studies with low tidal volumes had far
lower mortalities (The Acute Respiratory Distress Syndrome Network, 2000;
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Mercat et al., 2008; Meade et al., 2008; Briel et al., 2010), suggesting that
death is sometimes caused by lung injury.
In practice, when patients are admitted to the intensive care unit (ICU),
they are not immediately diagnosed with ARDS, and if a patient is diagnosed
with ARDS, it does not usually occur immediately. Instead, diagnosis can be
up to a few days after admission (The ARDS Definition Task Force, 2012).
This delay makes using an ARDS diagnosis as a criteria for a treatment
approach difficult to implement.
1.3 Mechanical Ventilation in the Intensive
Care Unit
Research into the use of mechanical ventilation has been ongoing since the
1940’s when use of the Drinker iron lung negative pressure ventilator became
widespread during the Polio epidemic (Drinker and Shaw, 1929). More recent
research into the use of positive pressure ventilation has given some advances
in treatment, but there still remains much to understand. Mechanical ven-
tilation is the primary support for patients in the intensive care unit with
respiratory failure (Ferguson et al., 2012).
More specifically, the use of positive pressure mechanical ventilation in
the ICU is a lifesaving intervention (Kallet and Branson, 2007), but, used
incorrectly, it has the potential to cause further harm, such as ventilator
induced lung injury (VILI) (Ricard et al., 2003). PEEP is used to recruit
collapsed lung units and keep them open at the end of expiration (Gattinoni
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et al., 2010). Since collapsed lung units cannot participate in gas exchange,
they lower gas exchange and levels of blood oxygen. Hence positive pressure
can increase gas exchange by keeping these units open.
However, when determining an optimum PEEP level, a delicate trade-off
is required between maximising gas exchange and improving arterial oxy-
genation (Tusman et al., 1999), and preventing further unintended damage
to the lungs (Ricard et al., 2003; Slutsky, 1999). It is thus a balance between
too high and too low an applied positive pressure. Currently, there is no
specific standard protocol to determine optimum PEEP level (Sundaresan
et al., 2011; Chase et al., 2014). Due to lack of easy and non-invasive bedside
methods to diagnose patient-specific condition, the selection of PEEP is thus
typically dependent on medical intuition and experience.
In general, PEEP is essential for treating ARDS patients (Ashbaugh et al.,
1967), and positive pressure is used to recruit collapsed lung units and re-
verse hypoxaemia (Gattinoni et al., 2010; Borges et al., 2006). However, the
recruitment and derecruitment response is highly dependent both on the
individual patient, the ventilator settings, and the use of recruitment ma-
noeuvres (RMs) (Pelosi et al., 2001; Crotti et al., 2001; Richard et al., 2001).
This patient-specificity further complicates care for patients, and prevents
simple “one size fits all” approaches from working well (Sundaresan et al.,
2011; Dickson et al., 2014).
Mechanical ventilation is frequently used in intensive care and surgical
contexts, where lung injury is not the primary reason for why breathing sup-
port is required. Neurological conditions, or any sort of medically induced
paralysis of the diaphragmatic muscles, requires the artificial support of me-
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chanical ventilation to maintain oxygen supply. In general, these patients
require far less positive pressure than patients with lung injury, but they
are still susceptible to the same complications associated with ventilator use,
such as VILI (Slutsky and Ranieri, 2013). Overall mechanical ventilation is
a complex supportive therapy that has as many interacting factors, as seen
in Figure 1.4, that requires a careful application.
Figure 1.4: The interactions and associations between clinical interven-
tions,injury mechanisms, organ dysfunctions and clinical outcomes (Goligher
et al., 2016)
1.3.1 Randomised Control Trials of Mechanical Ventilation
Several large randomised control trials (RCTs) have been carried out testing
various aspects of mechanical ventilation treatment.
Use of low tidal volumes, 6-8 mL/kg, have been shown to be beneficial
in reducing morbidity and mortality in patients suffering from ARDS. The
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Acute Respiratory Distress Syndrome Network (ARDSNet) trial tested a
tidal volume strategy of 6 mL/kg against 12 mL/kg. PEEP and FiO2 were
selected from allowable combinations in Table 1.1, with an oxyhaemoglobin
saturation measured by pulse oximetry (SpO2) target of 88-95%. The trial
was terminated after 861 patients, as the lower tidal volume group had lower
mortality (The Acute Respiratory Distress Syndrome Network, 2000).
Low tidal volumes have also been shown to help prevent the onset of
ARDS and ALI after mechanical ventilation has started (Determann et al.,
2010; Neto et al., 2014). Even with strong evidence supporting the use of
low tidal volumes, there remains substantial barriers to changing treatment
in hospitals (Dennison et al., 2007; Hubmayr, 2011a,b; Gattinoni, 2011a,b).
Hence, it is not uniformly used (Camporota and Hart, 2012; Pronovost et al.,
2010)
The Acute Respiratory Insufficiency: España Study (ARIES) trial had
a combined intervention of PEEP and tidal volume (Villar et al., 2006).
ARIES compared an intervention of PEEP set 2 cmH2O above inflection
point on a static pressure volume (PV) curve, against the a control group
using PEEP ≥ 5 cmH2O. The intervention group had lower tidal volumes of
5-8 mL/kg, compared to 9-11 mL/kg in the control group. The ARIES study
was stopped early, after 103 patients, for efficacy as the intervention group
had lower mortality and more ventilator-free days (Villar et al., 2006). The
ARIES trial used a similar protocol to the Amato et al. (1998) trial, which
was an extension of an earlier prospective randomised trial of 28 patients
(Amato et al., 1995). The Amato et al. (1998) trial was also stopped early
after enrolment of 53 patients, including 28 from the 1995 trial, as there was
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a significant decrease in mortality in the intervention group.
The Lung Open Ventilation Study (LOVS) trial tested a strategy of high
versus low PEEP, with a 6 mL/kg tidal volume in both groups. The PEEP
and FiO2 combinations used in LOVS are presented in Table 1.1. The higher
PEEP intervention was increased during the trial after interim analysis when
there was only a small PEEP difference between groups. There were no sig-
nificant differences in all-cause hospital mortality barotrauma across the 983
patients in the study. However, the higher PEEP approach was better for
the secondary endpoints of hypoxaemia and use of rescue therapies (Meade
et al., 2008).
The positive end expiratory pressure setting in adults with acute lung
injury and acute respiratory distress syndrome (EXPRESS) trial, with 767
patients, compared a minimal distension strategy using PEEP of 5-9 cmH2O,
with an increased recruitment strategy, where PEEP was set to achieve a
plateau pressure of 28-30 cmH2O. The increased recruitment strategy did
not significantly reduce mortality, though it had improvements in ventilator
free days, organ failure free days, and also had better oxygenation (Mercat
et al., 2008).
Brower et al.’s (2004) assessment of low tidal volume and increased end
expiratory volume to obviate lung injury trial (ALVEOLI) tested a higher
PEEP group versus a lower PEEP group. PEEP was selected in a similar
way to the LOVS trial, and also had a protocol change, as the lung open
group had allowable PEEP increased when PEEP was too similar to the
control group PEEP. The ALVEOLI PEEP levels are shown in Table 1.1.
Both groups had similar ventilator free days, and in-hospital mortality, and
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Table 1.1: The allowable PEEP levels, in cmH2O for each FiO2 in the ARD-
SNet, LOVS and ALVEOLI trials
FiO2
0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
ARDSNet PEEP 5 5-8 8-10 10 10-14 14 14-18 18-24
LOVS control 5 5-8 8-10 10 10-14 14 14-18 18-24
LOVS lung open 5-10 10-18 18-20 20 20 20-22 22 22-24
ALVEOLI low 5 5-8 8-10 10 10-14 14 14-18 18-24
ALVEOLI high 12-14 14-16 16-20 20 20 20-22 22 22-24
thus no significant result.
Briel et al. (2010) performed a meta-analysis of the LOVS, ALVEOLI,
and EXPRESS trials and found that higher versus lower levels of PEEP
were not associated with improved hospital survival, though higher PEEP
was associated with improved survival of patients with ARDS. These three
trials used a standard intervention protocol, with very limited allowance for
patient-specific treatment. The ARIES trial used a patient-specific PEEP
setting, as calculated from a static PV curve, though this measurement is
only made once at the beginning of mechanical ventilation. The ARIES trial
also used high tidal volumes in the control group, which may explain the
decrease in mortality in the intervention group (Villar et al., 2006). Thus,
there remains little consensus on PEEP settings in mechanical ventilation,
particularly for patients who do not have ARDS.
1.3.2 Trials of patient-specific PEEP
Suter et al. (1975) studied 15 patients on mechanical ventilation and mea-
sured their static lung compliance at different PEEP levels. Tidal volumes
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used were very high in comparison to modern clinical practice, at 13-15mL/kg,
with a constant inspiratory flow. The PEEP that had the greatest static
compliance, corresponded with the maximum oxygen transport, and the low-
est dead-space fraction. The maximal compliance PEEP was highly variable
across the patients, indicating an optimal PEEP is patient-specific.
Pintado et al. (2013) performed a pilot trial of compliance guided PEEP
selection in 70 patients with ARDS. The control group was ventilated with
FiO2 set to achieve arterial oxygen saturation of 88-95%, and PEEP was
then selected from the ARDSNet tables. The compliance-guided intervention
group had static compliance measured once per day using end-inspiratory
pauses, and the PEEP with maximum compliance was chosen. The ran-
domised allocation of patients did not occur until after the patients had
been ventilated for 24 hours. Patients in the compliance-guided group had
non-significant improvements in the ratio of arterial partial pressure of oxy-
gen to fraction of inspired oxygen (PaO2/FiO2 ratio) and in 28-day mortal-
ity. Multiple-organ-dysfunction-free days, respiratory-failure-free days, and
haemodynamic-failure-free days were significantly lower in the compliance
guided group. Both Suter et al. and Pintado et al. have shown strong ev-
idence for the benefits of patient specific PEEP selection, although these
benefits have probably not been fully realised. However, the Pintado et al.
study only started treating patients with a maximal compliance PEEP after
24 hours of ventilation, and only adjusted PEEP once per day, which may
have not adequately managed variability.
Kacmarek et al. (2016) tested an open lung approach involving recruit-
ment manoeuvres and decremental PEEP trials versus the ARDSNet pro-
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tocol in patients with ARDS according to the American-European Consen-
sus Conference. They expected that they would need 600 patients for ad-
equate statistical power, but stopped the trial after 200 patients from 20
multidisciplinary ICUs because of the slow rate of enrolment. There were
non-significant improvements in mortality and ventilator free days. driving
pressure (∆P ) was significantly lower, and PaO2/FiO2 ratio was significantly
higher is the open lung group.
There is an ongoing trial using PEEP set 2cmH2O above the PEEP with
maximum static compliance after a RM (The ART Investigators, 2012). In-
terim results have been reported with 100 patients across 51 ICUs, and there
is significant improvement in PaO2/FiO2 ratio in the alveolar recruitment
group though there is increased risk of severe acidosis (Cavalcanti et al.,
2013).
Prior research at the University of Canterbury, and with the Canterbury
District Health Board (Yuta, 2007; Sundaresan, 2010; Chiew, 2013) led to
a pilot trial known as CURE in the Christchurch Hospital ICU (Davidson
et al., 2014). CURE uses a bedside computer to monitor respiratory mechan-
ics breath-to-breath in real-time, and suggest patient-specific PEEP settings
(Redmond et al., 2014b; Szlavecz et al., 2014). The recently commencing
randomised CURE trials will test the clinical outcomes of patient-specific
PEEP selection based on minimal respiratory . The CURE trials use a soft-
ware package written in Java, which runs on a computer at the patient’s
bedside, to monitor respiratory mechanics in real time and provide guidance
to the clinician on PEEP selection. It will adjust PEEP every 6-8 hours
from initiation of mechanical ventilation (Chiew et al., 2015c), thus trying
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to better address patient-specific variability while personalising care.
1.4 Preface
The human lungs are essential to life, as they transport the needed oxygen
for cellular respiration, and expel waste carbon dioxide to the environment.
Respiratory failure occurs when there is a mismatch between ventilation and
perfusion, which can have a wide range of causes. Positive pressure mechan-
ical ventilation is a typical supportive therapy for patients with respiratory
failure. However, even after much research, the implementation of mechanical
ventilation is still difficult to manage with little consensus on treatment ap-
proaches, and complex interactions between symptoms and clinical interven-
tions. Thus, there is a need for model-based methods to improve mechanical
ventilation management.
This thesis focuses on models for assessing respiratory mechanics in me-
chanical ventilation with a particular emphasis on managing the effects of
patient breathing effort, and is outlined as follows:
• Chapter 2 is an introduction to respiratory mechanics and the relation-
ship between mechanics, patient condition, and mechanical ventilation
therapy.
• Chapter 3 is an introduction to some of the existing mathematical
models of respiratory mechanics that enable the patient’s respiratory
mechanics to be identified.
• Chapter 4 presents a model that extends the single compartment model
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to include a variable airway resistance. This chapter will be partly
presented at a conference (Redmond et al., 2017).
• Chapter 5 looks at asynchronous breathing, and various methods for
automating the asynchrony detection process.
• Chapters 6 and 7 present two methods determining respiratory me-
chanics when patient effort is present. Chapter 6, using pressure recon-
struction for estimating respiratory mechanics, was originally presented
at a conference (Redmond et al., 2014c), and was further analysed with
additional patient data at a conference (Major et al., 2015) and as a
journal article (Major et al., 2016). Chapter 7, a polynomial model of
patient effort, was presented as a conference paper (Redmond et al.,
2015b).
• Chapter 8 is an evaluation of comparative performance of various mod-
els when there is patient effort in volume control (VC) modes of venti-
lation, and is published in a journal article (Redmond et al., 2016).
• Chapters 9 and 10 have the overall conclusions from the thesis and





How do you tell if something’s
alive? You check for breathing.
Markus Zusak, The Book Thief
2.1 Recruitment and derecruitment
Alveolar recruitment is the reopening of previously collapsed lung units.
When the air pressure inside the alveoli is insufficient to oppose the elas-
tic recoil of the alveoli and the superimposed pressure it will close. Alveolar
collapse can be reversed with positive pressure (Borges et al., 2006), and as
the pressure applied to the alveoli rise, the alveoli will open, increasing the
volume of the lung. This process is recruitment.
Figure 2.1 shows the recruitment that occurs in injured lungs as pressure
20
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Figure 2.1: In vivo microscopy image of alveolar recruitment in injured and
healthy lungs at end inspiration and end expiration in rats from Andrews
et al. (2015). The cyclic recruitment that occurs within the range of tidal
pressures is clearly seen in the injured lung. Individual alveoli are outlined
with dots.
increases during inspiration. Recruitment is also dependent on time, and as
the duration of applied pressure increases, the number of alveoli recruited
will also increase (Bates and Irvin, 2002). The alveoli in the healthy lungs
are stable and thus, do not recruit or derecruit during ventilation. Conversely,
when the alveolar pressure drops too low, the alveoli will derecruit, and the
lung volume will decrease. Recruitment increases the surface area of alveoli
that are exposed to inspired air, and thus improves gas exchange. Conversely,
derecruitment decreases the efficacy of gas exchange. In addition, repeated
recruitment and derecruitment of alveoli is one of the mechanisms of VILI
(Richard et al., 2001; Tremblay et al., 1997; Ghadiali and Huang, 2011).
Patients with damaged lungs, such as ARDS, are particularly susceptible to
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VILI, so maintaining recruitment is particularly pertinent in these patients.
Obtaining alveolar recruitment, and preventing derecruitment is a key goal
of respiratory care in the ICU both for the improvement of pulmonary gas
exchange, and the prevention of VILI (Mols et al., 2006).
2.1.1 Threshold pressures
Threshold opening pressure (TOP) is the particular pressure at which the
air pressure becomes high enough to recruit a particular part of the lung.
As lung injury is often heterogeneous, TOP varies across different regions
of the lungs (Borges et al., 2006). In addition, due to gravity and patient
position, the superimposed pressure from the weight of the lungs themselves
changes throughout the lung (Hickling, 1998). As a consequence, recruitment
and derecruitment of alveolar units occurs across the whole range of lung
capacity (Crotti et al., 2001; Pelosi et al., 2001). Particularly during lung
injury, the estimated TOP and threshold closing pressure (TCP) are normally
distributed (Crotti et al., 2001; Sundaresan et al., 2011).
The hysteresis seen in static PV curves at tidal breathing can, at least in
part, be attributed to the differences between TOP and TCP of alveoli. That
is, the pressure at which a given alveoli is recruited (TOP) is higher than
the pressure where it will subsequently derecruit (TCP) and close (Hickling,
2001). Sufficient application of PEEP can prevent alveolar collapse at end
expiration, maintaining gas exchange and reducing hypoxaemia (Gattinoni
et al., 2010; Gattinoni and Quintel, 2016).
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2.1.2 Atelectasis and atelectrauma
Atelectasis is another term for a derecruited region of the lung. Atelectrauma
is lung injury resulting from cyclic recruitment and derecruitment of the
lung during mechanical ventilation. When the pressure during inspiration is
sufficient to recruit regions of lung, but the pressure at end expiration can-
not maintain the alveolar volume, recruitment and derecruitment occurs at
each breath. Atelectrauma is suggested as one of the mechanisms for VILI
(Baumgardner et al., 2013), and has been demonstrated in animal models of
lung injury. However, it cannot be clinically measured. Andrews et al. (2015)
showed that measurements of PaO2 were not sufficient to determine if atelec-
trauma was occurring or not, thus they suggested that different methods of
monitoring alveolar stability are required to guide lung protective ventilation
strategies. There is also doubt regarding the existence of injury from cyclic
recruitment and derecruitment in the clinical environment (Ricard et al.,
2003; Hubmayr, 2002). Therefore, the prevention of atelectasis is probably
a beneficial ventilation strategy, but atelectasis has not been conclusively
shown to be harmful.
2.1.3 Respiratory system Elastance and Compliance
Respiratory system elastance (E) is the pressure required to inflate the lung
by a certain volume. It is usually measured in cmH2O/L or mbar/L. Com-
pliance (C) is the inverse of E. Elastance is greatly affected by changes in
lung condition, particularly recruitment and derecruitment (Carvalho et al.,
2008; Chiew et al., 2011, 2015a,c; Gattinoni et al., 2010; Hickling, 1998, 2001;
Chapter 2. Respiratory Mechanics and Mechanical Ventilation 24
Kallet and Branson, 2007; Lambermont et al., 2008; Redmond et al., 2015a;
Stenqvist, 2003; Villar et al., 2006; Zhao et al., 2012). Increased recruited
lung results in a decrease in E, as the increased pressure is applied to a
greater of alveolar area, resulting in a larger volume.
Increased recruitment results in a greater volume of lung at a given pres-
sure, and thus a decreased E or increased C (Chiew et al., 2015c; Carvalho
et al., 2007). Overdistention of already opened lung units is associated with an
increase of elastance (Carvalho et al., 2007; Stenqvist, 2003; Bersten, 1998).
Overdistention can occur in some alveoli while others are not yet recruited
(Fan et al., 2008; Dreyfuss and Saumon, 1998; Ranieri et al., 1991).
2.1.4 Lung protective ventilation
Lung protective ventilation is the general approach to minimise VILI while
maintaining PaO2(or SpO2) and PaCO2 targets (Camporota and Hart, 2012).
This ventilation strategy can be achieved by mechanical ventilation treatment
that maintains plateau pressures below 30 cmH2O and has low tidal volumes
proportional to predicted body weight (Camporota and Hart, 2012), in the
4-8mL/kg range (Cavalcanti et al., 2013; Kacmarek et al., 2016; The ART
Investigators, 2012). It is aimed at preventing barotrauma and volutrauma,
and may involve permissive hypercapnia (Laffey et al., 2004). Permissive hy-
percapnia means allowing PaCO2 to rise as a consequence of the decreased
tidal volume, and thus decreased expiration of CO2, necessary for lung protec-
tive ventilation. The key evidence of its benefit in ARDS was demonstrated
in the The Acute Respiratory Distress Syndrome Network (2000) trial. The
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ARDSNet trial demonstrated an improved mortality in the lower tidal vol-
ume group (6.2 ± 0.8 mL/kg) versus the higher tidal volume group (11.8 ±
0.8 mL/kg). However, the ARDSNet trial has been criticised for the lack of
individuality and the increased atelectasis due to low PEEP and absence of
RMs (Spieth et al., 2011). There is also evidence of beneficial outcomes in
patients without ARDS (Neto et al., 2012, 2014), though it is often under-
used and there are clinical difficulties relating to its implementation (Lipes
et al., 2012).
2.1.5 Open lung approach
Ventilation strategies aimed at minimising cyclic alveolar collapse and po-
tential atelectrauma were first suggested by Lachmann (1992) and trialled
by Amato et al. (1995). An open lung approach is usually used in conjunc-
tion with a low tidal volume protective strategy, but may not have as strict
limits on plateau pressure (Spieth et al., 2011). There are various methods
of attaining the open lung, and strategies commonly include some sort form
recruitment manoeuvre, and "higher" PEEP ventilation (Kacmarek et al.,
2016; Villar et al., 2006; Amato et al., 1998; Spieth et al., 2011; Cinnella
et al., 2015; The ART Investigators, 2012; Pintado et al., 2013; Meade et al.,
2008; Mercat et al., 2008; Brower et al., 2004). If PEEP is selected using
compliance or elastance, then a decremental PEEP trial is usually used to
determine the PEEP at minimum elastance (maximum compliance) and or
to choose PEEP at, or slightly above this point (Kacmarek et al., 2016; Hick-
ling, 2001; Spieth et al., 2011; Cinnella et al., 2015; The ART Investigators,
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2012).
Major clinical trials of an open lung approach are ALVEOLI (Brower
et al., 2004), LOVS (Meade et al., 2008) and EXPRESS (Mercat et al.,
2008), which are discussed in section 1.3.1. These three trials did not use
respiratory mechanics to guide PEEP selection, but rather use general rules
to make intervention PEEP higher than control group PEEP. However, the
ARIES trial (Villar et al., 2006) used a patient-specific approach to selecting
an open lung PEEP from the lower inflection point on a static PV curve
(see section 3.2.3). The ARIES trial had better outcomes in the intervention
group wih PEEP chosen from the PV curve, though the control group had
high tidal volumes that are not considered lung protective.
2.1.6 Minimal elastance
Respiratory system elastance has been used in setting PEEP. Various studies,
on animals (Carvalho et al., 2007; Suarez-Sipmann et al., 2007; Lambermont
et al., 2008) and humans (Pintado et al., 2013; Chiew et al., 2011) have shown
that patient-specific optimal PEEP, can be selected at minimum respiratory
system elastance. This value is hypothesised to provide an optimum balance
between enough PEEP to maintain recruitment, but not too much to cause
overdistention.
Carvalho et al. (2007) used computed tomography (CT) scans at differ-
ent PEEP levels during recruitment manoeuvres in oleic acid induced ALI
in pigs to show that the PEEP at which minimum elastance was observed
corresponded to the greatest amount of normally aerated regions of lung and
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less collapsed and hyperinflated areas of lung. Elastance decreases with in-
creased recruitment because the same pressure is able to maintain a higher
recruited lung volume. Elastance increases with overdistention, in part due to
the increase in oedema from injury to the lung tissue (Valenza et al., 2003).
Suarez-Sipmann et al. (2007) used repeated lavage in eight pigs to showed
that dynamic compliance (see section 3.2.2) identified the beginning of lung
collapse. PEEP was decreased in 2cmH2O increments after a recruitment
manoeuvre, and the point of maximum dynamic compliance identified the
beginning of collapse after recruitment. Collapse of alveoli was confirmed
by CT scans and PaO2 measurements. This result clearly illustrated that
maximum dynamic compliance is an optimal PEEP to use in respiratory
failure.
Lambermont et al. (2008) monitored functional residual capacity (FRC)
and static compliance (see section 3.2.1) during decremental PEEP changes
in oleic acid induced ARDS in pigs. FRC and compliance had a similar trend
as PEEP changed. It was suggested that monitoring of both compliance
and FRC could be used to distinguish between alveolar overdistention and
recruitment. During decremental PEEP, the end of overdistention would be
indicated by an increase in C (drop in E), and the start of derecruitment
would be indicated by a sharp decrease in FRC.
These three animal trials had similar experimental protocols, as they
all involved induced lung injury in piglets, and lung function was assessed
at decreasing PEEP levels in injured lungs. The nature of the lung injury
differed slightly, as Lambermont et al. (2008) used a fixed dose of oleic acid,
while Carvalho et al. (2007) and Suarez-Sipmann et al. (2007) both continued
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lung injury (oleic acid and saline lavage respectively), until a set PaO2 had
been reached, of 200 mmHg and 100 mmHg respectively. The ventilation
procedure prior to the descending PEEP titration also differed. Lambermont
et al. did not use a RM prior to PEEP titration from 20cmH2O, Carvalho
et al. recruited the lung by using a 30 s sustained inflation at 30cmH2O before
a PEEP titration starting at 26cmH2O, and Suarez-Sipmann et al. used a
stepwise increase in PEEP in pressure control mode up to 30 cmH2O with
peak inspiratory pressure (PIP) of 60 cmH2O.
Chiew et al. (2011) analysed elastance during recruitment manoeuvres of
10 ARDS patients and found that a minimum elastance PEEP was highly
variable and is patient-specific. In this study, it also found the minimum
elastance PEEP was generally higher than the clinically selected PEEP, sug-
gesting that PEEP selected by attending clinicians may be adjusted to higher
values to recruit the patient’s collapsed lungs. Thus, minimum E is specific
to a patient, and likely also changes over time as their condition progresses.
Pintado et al. (2013), as discussed in Section 1.3.2, found non-significant
improvements in PaO2/FiO2 ratio and mortality in patients who had PEEP
set at a maximal static compliance. They found that 80% of patients in the
maximum compliance group had a different PEEP to what was suggested by
the ARDSNet tables. Pintado et al. also showed non-significant decreases in
plateau pressure in the compliance guided group. This decrease is suggestive
of alveolar recruitment, as tidal volume and other ventilator settings were
identical between groups.
Amato et al. (2015) performed a meta-analysis of 3562 ARDS patients
from 9 RCTs to examine the effect of ∆P on 60-day mortality. They found
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that ∆P was most strongly asssociated with survival of all the ventilation
variables. One standard deviation of increase in ∆P was associated with
an increased 41% increase in the risk of mortality. There was still a 36% in-
crease in the risk of mortality in patients who were ventilated with protective
plateau pressures and tidal volumes. When tidal volume is constant, changes
in ∆P are very similar to changes in E, and a lower ∆P results in a lower
elastance. In addition, Amato et al. found decrease in ∆P after randomiza-
tion was associated with lower mortality independent of original elastance.
This Amato et al. (2015) meta-analysis is a strong evidence for the survival
benefit of a minimum elastance ventilation approach in ARDS patients.
Thus, there is need for a large RCT, such as CURE, to determine whether
ventilating patients at a minimal elastance PEEP results in improved clinical
outcomes.
2.2 Airway obstruction
Airway obstruction in the conducting airways can inhibit the ability to talk,
cough or breathe. The obstruction can be caused by a swallowed or inhaled
foreign body, or from within the lung, such as a tumor, neuromuscular con-
dition, secretions or inflammation ; or from a mass outside the lung (Bosken
et al., 1990; An et al., 2007; Jensen et al., 2002; O’Connell et al., 2015). In
mechanically ventilated patients, the endotracheal tube is significantly nar-
rower than the trachea, and is more susceptible to being blocked by mucus
secretions, than patients who are not intubated (Mietto et al., 2014).
Airway obstructions can change the patient’s respiratory mechanics by
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altering the relationship between pressure, flow and volume (Tuxen, 1989;
Broseghini et al., 1988). In particular, obstructions that change the physical
dimension of airways will change the resistance, and obstructions that pre-
vent air reaching alveoli will change respiratory system elastance. Respiratory
mechanics can provide information about the nature of airway obstructions,
allowing improved monitoring of patient condition.
2.2.1 Resistance
Airway resistance arises from the geometry of the conducting airways and
the viscosity of air. Thus, a pressure differential is needed to generate a
flow in a pipe, which, in this case is a conducting airway of the respiratory
system. Resistance is thus the pressure difference required to generate an
airflow into and out of the lungs. Bifurcations of the airways also influence
the fluid dynamics of the respiratory system, and contribute to resistance
(Bates, 2009).
Resistance changes in different disease states because of partial or com-
plete obstructions of airways, constrictions or dilations of airways, and se-
cretions of the epithelial cells (Bossé et al., 2010). Resistance also changes
in response to mechanical ventilation treatment, as increased pressure can
alter the airway geometry by opening and stretching airways, and changes in
the flow pattern change the Reynolds number of the flow, which results in a
changed resistance.
In patients with elevated resistance, ventilator strategies are aimed at
preventing dynamic hyperinflation and maintaining adequate gas exchange
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(Reddy and Guntupalli, 2007). Minute volume and expiration time may need
to be adjusted to minimise air trapping and keep pH of the blood in a safe
range. Bronchodilators and steroid can be used to reduce resistance by in-
creasing airway diameter (Reddy and Guntupalli, 2007). The use of heliox, a
mixture of helium and oxygen, has been suggested for patients with narrowed
upper airways, as the lower density of heliox reduced resistance. However,
there have been limited investigations into its use (Hashemian and Fallahian,
2014).
Resistance is particularly pertinent in outpatient respiratory clinics, where
measurements of resistance are used to track disease progression of obstruc-
tive lung disease such as COPD, emphysema or asthma. Spirometry com-
monly uses forced expiratory volume to monitor the expiratory flow limi-
tation from increased resistance. Body plethysmography and the forced os-
cillation technique require less patient cooperation, and are more sensitive
to central airway obstruction than spirometry, which is more sensitive to
changes in peripheral airways (Kaminsky, 2012).
2.2.2 Intrinsic PEEP
Intrinsic PEEP, or auto-PEEP, is a positive pressure maintained in the lung
at the end of expiration. It occurs due to air trapped in the lungs, as a
result of obstruction of airways during expiration (Tobin and Lodato, 1989;
Brochard, 2002).
Externally applied PEEP treats intrinsic PEEP and decreases the work
of breathing (Mughal et al., 2005; Fernández et al., 1990). Patient effort, in
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the form of contraction of the diaphragm, is required to create a negative
pressure in the pleural space. Pressure in the pleural space is transmitted
to the alveoli. Alveolar pressure must drop below central airway pressure to
generate inspiratory flow. If intrinsic PEEP exists, the diaphragm must con-
tract more to bring the alveolar pressure below airway pressure. If external
PEEP is applied, the pressure in the alveoli do not need to drop as much
to allow inspiratory flow, and the load on the diaphragm and other respi-
ratory muscles is decreased. Thus, intrinsic PEEP increases demand on the
respiratory muscles, and external PEEP can treat this effect.
Intrinsic PEEP is assessed clinically by inspection of the display of flow
waveforms on the ventilator, and looking for exhalation that continues until
the start of the next breath. If exhalation flow does not reach zero before the
next breath begins, air remains trapped, causing auto-PEEP. Also, if addition
of external PEEP does not increase the PIP, then intrinsic PEEP is likely
(Mughal et al., 2005). To actually measure the amount of intrinsic PEEP, an
end-expiratory hold is required where the expiratory valve of the ventilator
is closed, and the pressure within the lungs is allowed to equalise (Mughal
et al., 2005). In addition to increasing the work of breathing, intrinsic PEEP
worsens gas exchange, and can cause hemodynamic compromise because of
impaired venous return resulting in reduced stroke volume (Mughal et al.,
2005).
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2.3 Summary
Changes in patient condition due to disease progression and improvement
causes changes to different aspects of lung mechanics. Characterisation of
these changes is important in treating and monitoring patients with res-
piratory failure. The application of mechanical ventilation both influences
respiratory mechanics, and should be guided by them. To use respiratory
mechanics to guide treatment and monitor changes in patient condition, it
is necessary to evaluate the respiratory mechanics of a ventilated patient at
the bedside. Chapter 3 will introduce existing mathematical models of respi-




All models are wrong, but some
are useful.
George Box
There are a number of mathematical models of the respiratory system
with varying levels of complexity that attempt to explain the relationships
between pressure, flow and volume within the respiratory system in terms
of their mechanics. This chapter introduces a number of models of the me-
chanical behaviour of the respiratory system. It also presents some other
non-model-based methods of determining respiratory mechanics.
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3.1 Measurements
A range of measured signals are required to enable models of respiratory
mechanics to be used clinically. This section presents a brief overview of
these signals and their measurement.
3.1.1 Pressure
Airway pressure is typically measured with piezoresistive pressure transduc-
ers. The electrical resistance of the sensor changes as the sensor is deformed
by the air pressure. Airway pressure, Paw, when it is measured by the venti-
lator, it is usually given as pressure at the y-piece, or the y-piece pressure is
derived from the pressure generated inside the ventilator (Sanborn, 2005). It
is typically presented as a waveform over time at a given sampling rate.
3.1.2 Flow
The measurement of flow in the airway can be performed inside the ventilator
itself, or by addition of sensors to the breathing circuit between the ventilator
and the patient. Various common flow sensing methods include hot wire
anemometers, ultrasonic flowmeters, orifice flowmeters, and linear resistance
pneumotachograph (Schena et al., 2015). Pneumotachographs are the most
common device for flow measurements in research applications, where they
are usually placed in the circuit between the ventilator and the patient. As
pneumotachographs and orifice flow meters work on differential pressure,
they can provide a pressure measure without additional sensors.
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Direct measurements of volume inside the lung are difficult and can be
invasive. Most models rely on the integration of flow with respect to time
from a baseline V=0 at FRC. As airflow is the first derivative of volume with
respect to time, it is denoted V̇ in the model equations, and V denotes the
associated volume.
3.1.3 Electrical activity of the diaphragm
The electrical activity of the diaphragm (EAdi) (Sinderby et al., 1997) is
measured by electrodes incorporated into a nasogastric tube, and is used
as a measure of diaphragmatic activity. The magnitude of the EAdi signal
correlates well with respiratory drive of the patient (Sinderby et al., 1999).
EAdi is used within neurally adjusted ventilatory assist (NAVA) to change
the timing and magnitude of pressure support to match the spontaneous
breathing demand from the patient. It is also used to measure the quality of
patient-ventilator interaction (Bordessoule et al., 2012).
NAVA improves patient-ventilator synchrony compared to pressure sup-
port (PS) and can match delivered tidal volume to the integral of EAdi
(Moorhead et al., 2013). The amount of pressure support provided by NAVA
can be varied, and this level of support should be patient specific (Chiew
et al., 2013). EAdi is not used in respiratory mechanics models, but is useful
as a metric of patient effort, and can decrease patient-ventilator asynchrony.
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3.1.4 Oesophageal pressure
The pleural space lies between parietal pleurae which lines the chest wall,
and the visceral pleura which contains the lungs (Barrett et al., 2010). Con-
traction of the diaphragm and other respiratory muscles create a negative
pressure in the pleural space that pulls the lung tissue outwards, expanding
the lung and generating the negative alveolar pressure necessary for inspira-
tory flow. The pressure in the pleural space can be used to calculate work of
breathing from the integral of pleural pressure as a function of lung volume
(Benditt, 2005).
The direct measurement of pleural pressure is highly invasive, and not
possible in clinical practice. The pressure in the lower third of the oesoph-
agus is a good approximation of the pressure in the pleura, as it is in close
proximity and the pressure from the pleural space is easily transmitted to
the oesophagus. Thus, the placement of a balloon catheter in the oesophagus
can make an approximation of the pleural pressure.
There are some limitations to the accuracy of oesophageal pressure mea-
surements, which can hinder its clinical utility. The measurement is sensitive
to exact placement of the catheter, and the pleural pressure is less uniform in
a supine position compared to an upright position. Oesophageal pressure can
also be used to calculate transpulmonary pressure, the pressure distending
the alveoli as airway pressure minus pleural pressure. Transpulmonary pres-
sure has been used to guide mechanical ventilation using a modified ARD-
SNet protocol that specifies FiO2 based on transpulmonary pressure, rather
than PEEP (Talmor et al., 2008). The transpulmonary pressure guided group
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had improved PaO2/FiO2 ratio and improved respiratory system compliance
compared to the ARDSNet control group. Hence it is a difficult, but poten-
tially useful measurement.
3.1.5 Functional residual capacity
Body plethysmography is a method of clinically measuring FRC. A plethys-
mograph is a sealed glass chamber that a subject sits in with a small mouth-
piece to breathe through. When a subject attempts inspiration, the mouth-
piece is occluded and the pressure in the mouthpiece and in the box is mea-
sured. This manoeuvre enables the calculation of FRC and airway resistance
(Criée et al., 2011).
Plethysmography is relatively common in research applications. However,
it is not widely used in other applications. Due to the measurement process, it
is not practical for critically ill patients but is used clinically as an alternative
to spirometry tests for outpatients.
3.2 Assessing respiratory mechanics without
models
3.2.1 Static compliance
Static respiratory system compliance can be calculated as the tidal volume
divided by ∆P in the lungs at the end of an end-inspiratory pause. It is known
as ‘static’ because it is measured under conditions of no air movement in the
lungs, when pressure throughout the respiratory system has equalised. It is






where Vt is the tidal volume, and Pplat is the plateau airway pressure, mea-
sured during an end-inspiratory pause.
3.2.2 Dynamic compliance
If an end-inspiratory pause is not carried out, Pplat cannot be directly mea-
sured. PIP can instead be used, but will be higher than Pplat due to resistive
pressure difference and stress relaxation effects. Dynamic respiratory system





To add confusion, the term dynamic compliance is sometimes applied to a
compliance calculated using the single compartment lung model when an
end inspiratory pause is not used (Stahl et al., 2006; Suarez-Sipmann et al.,
2007). Thus, it is important to note that the term ’compliance’ used in this
thesis refers to a metric calculated from a model, and ’dynamic compliance’
refers to the term calculated in Eq. (3.2).
3.2.3 Static pressure-volume curves
To determine good approximation to a static pressure volume (PV) curve, a
number of different respiratory manoeuvres are possible. A super-syringe ma-
noeuvre involves incremental inflation of the lung with 100% O2 and pauses
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every 50-100mL to enable the recording of lung pressure at a range of discre-
tised volumes up to 1000-2000mL (Stenqvist, 2003). A low flow manoeuvre
can also be used, where a continuous low flow of 0.033 L/s is used to inflate
the lung up to Pplat=45cmH2O (Stahl et al., 2006), with the assumption that
the pressure drop due to resistance is very low. Alternately, a static com-
pliance by automated single steps (SCASS) manoeuvre (Sydow et al., 1991;
Schranz et al., 2011), where occlusions are performed at different volumes
over a number of breaths, to obtain static plateau pressure measurements
at different volumes. SCASS has the advantage of avoiding some of the gas
exchange, temperature, and humidity effects that occur when a single infla-
tion is very long. These methods are all significant disruptions to the normal
operation of the ventilator, and are thus uncommon in clinical practice.
The lower inflection point (LIP) on the PV curve is associated with
threshold opening pressure (TOP), but recruitment continues to occur past
this point (Hickling, 1998). The upper inflection point (UIP) is where the
elastance starts to increase again as the gradient of the PV curve increases.
The UIP is caused by decreased alveolar recruitment at high pressure and in-
creasing alveolar overdistention (Hickling, 1998). These pressures have been
used to guide mechanical ventilation in prior studies (Amato et al., 1995,
1998; Richard et al., 2001; Villar et al., 2006).
However, determining the location of LIP and UIP can be complex. Lo-
cations can vary depending on how the PV curve is interpreted, and how the
PV curve was measured (Villar et al., 2006). There are a range of methods
for determining inflection points (Lu et al., 1999; Hickling, 1998; Venegas
et al., 1998) Amato et al. (1995) used PFLEX, which corresponds to the LIP,
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Figure 3.1: A static PV curve from low flow inflation data, illustrating a
graphical method of determining UIP and LIP
and determined it as:
“PFLEX was manually determined as the pressure corresponding
to the intersection of the lines representing the minimum slope of
the compliance curve (normally corresponding to the first 100mL
in inspiration) and the maximum slope (normally corresponding
to its most linear segment). Whenever the curve was flat or the
slope increased progressively without a critical threshold, PFLEX
was considered undetermined”
Figure 3.1 demonstrates finding UIP and LIP from a pseudo-static PV
curve from a low flow inflation. Drawing tangents on the curve is somewhat
open to interpretation, and thus can result in differing values of LIP and UIP.
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Selecting PEEP so that ventilation occurs in the range of pressure between
the LIP and UIP has been used as a strategy to obtain recruitment and avoid
overdistention (Villar et al., 2006).
3.3 Models for fully controlled ventilation
In this section, several models used in this study are presented. The follow-
ing models all assume that the patient is providing no effort. Thus, pleural
pressure is zero, and the pressure measured at the airway is equal to the ∆P .
3.3.1 Single compartment model
The linear single compartment model, otherwise known as the first order
model, is the most simple model of respiratory mechanics that is functionally
useful (Bates, 2009). The simplest model of the respiratory system is depicted
as a balloon on the end of a pipe. The pipe represents the physiological airway
with a resistive component, and the balloon as the lung or collection of alveoi.
It treats airway pressure as sum of pressure due to resistance to airflow, and
pressure due to the elastic recoil of the respiratory system. The resistive
pressure is assumed to be a constant resistance term multiplied by airway
flow. Figure 3.2 shows an electrical representation of the single compartment
model, where the capacitor has a pressure (voltage) across it proportional to
volume (charge), while the resistor has a pressure (voltage) drop proportional
to flow (current).






Figure 3.2: Electrical analogy of the single compartment model
The equation of motion of this model is as follows:
Paw(t) = R V̇ (t) + E V (t) + P0 (3.3)
P0, the offset pressure is not included in the electrical analogy, but represents
the pressure in the system when flow and tidal volume are both 0. Thus it is
usually equal to PEEP(Bates, 2009). Paw and V̇ are measured signals, V (t)
is calculated as V (t) =
∫ t
0 V̇ (τ)dτ , where τ is a dummy variable representing
time. Multiple linear regression can then be used to calculate the E and R
that minimise ∑Ni=1(Paw(i)− P0 − EV (i)−RV̇ (i)).
3.3.2 Viscoelastic model
The logical next extension for the single compartment model is a two com-
partment model. A linear two compartment can have the compartments ar-
ranged in series or parallel, each compartment having its own E and R values.
These two models will both exhibit stress relaxation behaviour as pressure
equalises between compartments when the flow is stopped.
Stress relaxation behaviour can also be represented by a single compart-
ment with viscoelastic behaviour. The series, parallel, and viscoelastic models
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result in a second order linear differential equation of the same form:
Paw(t) = B1V̈ (t) +B2V̇ (t) +B3V (t) +B4Ṗ (t) + P0 (3.4)
The different parameters in the parallel, series and viscoelastic models come
from the Bi coefficients representing different combinations of E1, E2, R1 and
R2. There is evidence from animal studies that the viscoelastic model is a
more suitable explanation than the series or parallel models (Bates, 2009).






Figure 3.3: Electrical analogy of the viscoelastic model
To avoid calculating derivatives of flow and pressure, which are needed in
Eq. (3.4) and amplify noise in measured data, an integral representation of
the model can be used:
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The physiological representation of Ai parameters are defined:
E1 = A3 (3.6a)












where Raw is the airway resistance, E1 represents the static elastic behaviour,
and Rt and E2 account for the viscoelastic behaviour. The model parameters
can be identified by multiple linear regression (Bates, 2009) or the iterative
integral method (Schranz et al., 2013).
3.4 Recruitment models
Recruitment models are a class of respiratory mechanics models with multiple
compartments which are individually either open or closed depending on the
pressure applied. This approach is used to mimic the recruitment behaviour
of alveoli.
3.4.1 Alveolar Recruitment model
Hickling (1998) developed a recruitment model where the lung is divided
into n=30 horizontal layers each with increasing gravitational superimposed
pressure (SPn) ranging from 0 cmH2O to 14.5 cmH2O. A single TOP is used,
and if the alveolar pressure is greater than superimposed pressure plus TOP,
then the layer of alveoli are considered open, and additional compliance CL is





Figure 3.4: Electrical analogy of alveolar recruitment model
added to the system. CARM is the overall system compliance for the alveolar
recruitment model. Figure 3.4 shows an electrical analogy this model, with
the switches successively closing as the pressure in the alveoli increases. The
addition of additional compliance, CL, in parallel as the pressure increases




0, Palv ≤ SPn + TOP
1, Palv > SPn + TOP
(3.7a)
n = 1, 2, 3, ..., 30 (3.7b)
SPn = 0, 0.5, 1, ..., 14.5 (3.7c)









Paw = R× V̇ + Palv (3.7f)
The patient specific parameters are: CFRC, the compliance of the alveoli that
are open at FRC; CL the additional compliance of each layer of the lung;
TOP, the single pressure at which layers of the lung open at; and R, the
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airway resistance. Note that compliance is used in these equations rather than
elastance, as it is mathematically simpler to add two parallel compliances
together.
3.4.2 Pressure-dependent recruitment model
The pressure dependent recruitment model (PRM) (Schranz et al., 2012a;
Docherty et al., 2014) extends the alveolar recruitment model by adding an
exponential distention function to allow compliance to increase (elastance
decreases) as distention occurs at higher pressures.











Paw = R× V̇ + Palv (3.8c)
The PRM has an additional patient-specific distention parameter, K.
3.4.3 Viscoelastic pressure recruitment model
The viscoelastic pressure dependent recruitment model is a combination of
the PRM and the viscoelastic model where the E1,E2 and Rt parameters
of the viscoelastic model are pressure dependent. As the pressure rises, ad-
ditional layers are recruited which adds additional capacitors and resistors
in parallel, as seen in Figure 3.5. The parameter identification process is
complex, and fully explained by Schranz et al. (2013).








Figure 3.5: Electrical analogy of pressure dependent recruitment model with
viscoelastic compartment behaviour
3.4.4 Minimal recruitment model
The minimal recruitment model (Sundaresan et al., 2009) model describes
the lung as a number of lung units. When these units are recruited, they
assume a pressure dependant volume defined by a sigmoidal unit compliance
curve. TOP and TCP are defined as being normally distributed (Crotti et al.,
2001), with mean TOPsd and TCPmean, and standard deviation TOPsd and
TCPsd. The model is then defined as follows:
























Vtotal(P ) = Vunit(P )×Nopen(P ) (3.9d)
Ntotal is effectively the total lung capacity. erf is the Gauss error function. The
unit parameters defined how a lung unit expands from its nominal volume as
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Figure 3.6: Fitting of the minimal model to clinical data (Redmond et al.,
2014a)
pressure increases. The minimal model is fitted to a series of pressure volume
loops at different PEEP, as seen in Figure 3.6, with the assumption that each
PV loop is part of a larger PV curve defined by the model. Ntotal and the
unit parameters are kept consistent for all PEEP levels, and the TOP and
TCP parameters are identified at each PEEP (Redmond et al., 2014a). The
trend of TOP and TCP can be used to select a PEEP for optimal recruitment
(Sundaresan et al., 2009).
3.5 Spontaneous breathing models
The single compartment model from Eq. (3.3) can be extended to include a
term for the patient effort, Pe(t):
Paw(t) = E V (t) +R V̇ (t) + P0 + Pe(t) (3.10)
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Models that give an approximation of Pe(t), or can eliminate the effect it has,
can then be used to monitor E and R in spontaneously breathing patients.
If an oesophageal pressure measurements are available, then spontaneous
breathing models are unnecessary, where Peo can be used to substitute Pe(t)
in Eq. (3.10).
3.5.1 Constrained optimisation
The constrained optimisation approach assumes certain inequality constraints
on the patient pressure profile (Vicario et al., 2015a), rather than a fixed
shape used in the polynomial model. The patient effort profile (P̃mus) is
allowed to monotonically decrease up to a certain point, and then mono-
tonically increase until the end of inspiration, where it remains constant
throughout expiration.
P̃mus(tk+1)− P̃mus(tk) ≤ 0 for k = 1, 2, . . . ,m− 1 (3.11a)
P̃mus(tk+1)− P̃mus(tk) ≥ 0 for k = m,m+ 1, . . . , q − 1 (3.11b)
P̃mus(tk+1)− P̃mus(tk) = 0 for k = q, q + 1, . . . , N (3.11c)
In addition, constraints are applied to the allowable values of E, R, and
Pmus.
0 ≤ R ≤ Rmax (3.12a)
0 ≤ E ≤ Emax (3.12b)
Pmin ≤ P̃mus(k) ≤ Pmax (3.12c)
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Paw(t) = E V (t) +R V̇ (t) + P0 + P̃mus(t) (3.13)
Eqs. (3.11) and (3.12) show the inequality constraints applied to P̃mus, which
is used in place of Pe in Eq. (3.10), to give Eq. (3.13). The bounds m and
q in Eq. (3.11) represent the time of the maximum patient effort and end of
patient effort, respectively. The value of q is fixed to the start of expiration.
The value of m is found by a search for minimum model fitting error for all
value ofm in the range 0 < m < q. These inequality constraints and limits on
the values of E, R and P̃mus can be included in solving this problem by using
quadratic programming (Vicario et al., 2015a). A constrained optimisation
method can also be used to calculate the work of breathing (Vicario et al.,
2015b).
3.5.2 Methods that alter the delivery of air
Various methods exist to identify respiratory mechanics in spontaneously
breathing patients that involve changing delivery of air from the ventila-
tor. Rapid occlusions have been used during expiration (Lopez-Navas et al.,
2014a) inspiration, or in random breaths at end-expiration (Younes et al.,
2001b). A pulse of negative pressure at the start of inspiration has been used
to to find R (Younes et al., 2001a). Forced oscillations, where a high fre-
quency pressure signal is applied to the airway pressure, can also be used to
determine respiratory mechanics in spontaneously breathing patients (Farré
et al., 2004; Kostic et al., 2011; Ngo et al., 2015). These methods all have the
significant disadvantage of modifying the normal breathing patter delivered
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by the ventilator. It is also unknown how the application of these external
signals may influence the patient’s respiratory mechanics.
3.6 Summary
This chapter illustrates some of the existing models and methods for identify-
ing respiratory mechanics in patients. For these models to be useful in clinical
practice, to monitor patient condition and guide treatment, they must:
• be robust to real clinical data
• be identifiable with normally available clinical data
• have physiologically relevant parameters
• be computationally cheap enough to solve at the bedside
• not involve additional equipment
• not interfere with normal treatment
This chapter provided key background for building on and modifying these
models in this thesis. Chapter 4 extends the single compartment model, and
compares with the viscoelastic model, to look closer at how resistance can
change throughout a breath. Chapter 6 presents a method for removing the
effect patient effort has on the measured airway pressure profile. Chapter 7
presents an additional model of patient effort, to enable identification of res-
piratory mechanics in spontaneously breathing patients. Chapter 8 presents
a comparison of performance of some of these models for use in patients who
have varying levels of spontaneous breathing in volume control modes.
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A Variable Resistance Model
The path of least resistance




When using respiratory mechanics to guide mechanical ventilation therapy
in the critical care environment, the greatest focus is usually on the impact
of elastance or resistance. Typically, elastance or its inverse, compliance, are
used for PEEP titration, as they relate directly to lung recruitment by assess-
ing the trade off between lung pressure and recruited lung volume (Hickling,
1998; Crotti et al., 2001; Pelosi et al., 2001; Suarez-Sipmann et al., 2007) ,
as well as any resulting overdistention and VILI (Ricard et al., 2003; Slutsky
and Ranieri, 2013). It can thus can be used to titrate ventilator treatment
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(Carvalho et al., 2007, 2008; Chiew et al., 2015c). However, the impact of
respiratory system resistance on the respiratory mechanics is often ignored
or simplified, even though it plays a measurable role in the equations relating
pressure, volume, and flow.
Accurate modelling of resistance is important for two main reasons. First,
errors associated with poor modelling of resistance affect the identification
of elastance and compliance parameters, as models only use input airway
pressure and flow (Docherty et al., 2014). Thus, only a weighted relative
balance of elastance and resistance may be identified, and poor resistance
modelling can significantly skew this relationship.
Second, monitoring respiratory system resistance can be an important
parameter itself. In many lung pathologies, changes in resistance can occur,
possibly due to airway dilation or constriction such as in asthma. Therefore,
changes to resistance are important in and of themselves for clinical staff
(Lucangelo et al., 2005; Kaminsky, 2012).
In simple models of respiratory mechanics, resistance is usually constant,
and represents the pressure required to generate a certain flow in the airways
(Bates, 2009). However, as shown by Mols et al. (2001), resistance is often
not constant, even within the range of tidal volume. Thus, models that allow
a variable resistance as a function of flow or other parameters are likely to
offer advantages over those with constant resistance in identifying accurate
lung mechanics properties.
Some models of respiratory mechanics do include a more complex resis-
tance term. Langdon et al. (2016) used a nonlinear autoregressive (NARX)
to model airway pressure waveforms during recruitment manoeuvres. The
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NARX model parameter most similar to the resistance in the single com-
partment model was found to decrease with increasing PEEP when identi-
fied using clinical data. This behaviour could be expected from widening of
airways at higher pressures. Other previous research into the role of resis-
tance in respiratory mechanics mostly focussed on expiration, where resis-
tance plays a more measurable role in the clinical interpretation of spirome-
try data and in assessing lung function (Möller et al., 2009; Guttmann et al.,
1995; van Drunen et al., 2013). Hence, there is little relevant research on
resistance in mechanical ventilation and patient-specific lung mechanics.
Rather than restrict the resistive pressure drop to be linearly propor-
tional to airway flow, this chapter examines modelling approaches to allow
resistance to vary during a breath. It would be reasonable to expect that
resistance, which quantifies the pressure required to obtain a certain airway
flow rate, would have some non-constant or time-varying changing part (Vas-
siliou et al., 2001). However, the exact nature of this relationship is not fully
known.
This chapter presents a model of respiratory mechanics providing a pres-
sure dependent resistance. The primary aim is to decrease model fitting error
to clinical data, and thus provide better estimates of respiratory mechanics
parameters. Second, it offers the opportunity to examine the shape and level
of contribution made by variable resistance to the observed pressure in me-
chanical ventilation.
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4.2 Methods
4.2.1 Models
The linear single compartment model, discussed in section 3.3.1, is defined:
Paw(t) = R V̇ (t) + E V (t) + P0 (4.1)
Extending the single compartment model to incorporate viscoelastic ef-
fects, results in an effective two compartment model (Bates, 2009). The in-
tegral representation of this model is defined:







P (t) dt+ A1P0t+ C (4.2)
Linear regression can be used to find the constant Ai parameters, which can
then be converted into elastance and resistance parameters to describe either
a parallel compartment, series compartment, or viscoelastic model of respi-
ratory mechanics (Bates, 2009) (see section 3.3.2). If a viscoelastic model
is assumed, the physiological representation of Ai parameters is shown in
Eq. (3.6). Raw is the airway resistance, E1 represents the static elastic be-
haviour, and Rt and E2 account for the viscoelastic behaviour.
The model presented in this work allows resistance to vary throughout
the breath, as a function of airway pressure. The single compartment model
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modified to include a pressure dependant resistance term is defined:
Paw(t) = Rvar(P ) V̇ (t) + E V (t) + P0 (4.3)
The variable resistance, Rvar(P ), is a function of pressure, which is implicitly
also a function of time, as pressure varies with time. Rvar(P ) is defined as a
constant part, Rc, and a linear term for the change in resistance as pressure
increases throughout an inspiration from P0 to PIP, denoted Rlin, yielding:
Rvar(P ) = Rc +Rlin (P (t)− P0) (4.4)
This formulation means that resistance is equal to Rc at the start of in-
spiration. At the end of inspiration, at peak pressure, this resistance has
changed to Rc + Rlin(PIP − PEEP ). Thus, a positive value of Rlin repre-
sents resistance increasing throughout inspiration, while a negative value of
Rlin indicates resistance decreases during inspiration.
This definition provides the simplest first order variation. It also results
in a matrix formulation, to be solved for E, Rc, and Rlin, using measured
airway pressure, volume, and flow data from inspiration, yielding:

V (t0) V̇ (t0) 0
V (t1) V̇ (t1) V̇ (t1)(P (t1)− P0)
... ... ...














Where ti are the times during inspiration, t0 is the start of inspiration, and
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tn the start of expiration.
Finally, this linear behaviour enables the overall behaviour observed by
Langdon et al. (2016) using 353 model parameters to be captured in a far less
complicated model. This model is thus simpler and its definition is informed
by these prior results. This modelling approach thus tests the observations
of Langdon et al. (2016) by using the simplest possible model incorporating
the same behaviour.
4.2.2 Data
Two sets of clinical data are used. One set with patients ventilated in VC
mode, and the other in PS mode. The first are fully sedated, and the second
are spontaneously breathing, providing a diverse range of clinical data to
test the model. The PS data consists of 16202 breaths from 22 patients from
a trial by Piquilloud et al. (2011) and additionally reported by Moorhead
et al. (2013). The VC data consists of 13140 breaths from 3 patients on 12
different days from the pilot trials of the CURE RCT (Szlavecz et al., 2014;
Davidson et al., 2014). Table 4.1 shows the number of breaths analysed from
each patient. The Clinical Utilisation of Respiratory Elastance trial has had
two pilot phases. The first phase involved testing of the CURE software
(CURESoft) (Szlavecz et al., 2014; Redmond et al., 2014b) and refining the
PEEP adjustment and monitoring procedure. In the first phase, there was no
randomisation, and no specific protocol for when RMs should be performed.
The VC data used in this chapter, and also Chapters 6 to 8 is from patients
in this first pilot phase. The second phase involved randomisation, further
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Table 4.1: Numbers of breaths used in the analysis from each patient
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refining the trial protocol, and developing weaning criteria. Data from the
second phase is used in Chapter 5.
4.2.3 Analysis
Model fit quality is evaluated by root mean squared error (RMSE) between
the modelled and measured pressure, for each breath. Distributions of RMSE
for each patient and for each model are presented. The Akaike informa-
tion criterion (AIC) (Akaike, 1974) is compared between models to evaluate
the quality of the models by assessing the trade-off between goodness of fit
and model complexity. Mean AIC will be calculated over all breaths in each
dataset. AIC corrected for a finite sample size is defined:
AICc = 2k + n loge
RSS
n
+ 2k(k + 1)
n− 1 (4.6)
where k is the number of parameters in the model, n is the number of data
points, and RSS is the residual sum of squares for each breath. Key outcomes
are physiologically plausible parameter values, and the quality of the model
fit to clinical data.
4.3 Results
Figure 4.1 show the median model-fitting RMSE for each day of patient data,
for three different models in Eqs. (4.1), (4.2) and (4.3).
The variable resistance model of Eq. (4.3) has better performance than the
two compartment model of Eq. (4.2) in some of the VC mode data, and worse
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Figure 4.1: Median and IQR model fitting error for each of the datasets,
comparing the performance between models for the VC and PS data




























Figure 4.2: Mean relative AIC for each dataset relative to the minimum AIC.
AIC is the best for the variable resistance model in 7 of 12 patient-days in
VC data, and for 9 of 22 patients in PS data.
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Table 4.2: Median and IQR of RMSE for all breaths for the volume control
data and the pressure support data
Volume Control Pressure Support
Model Median [IQR] Median [IQR]
Single Compartment 0.987 [0.842 - 1.21] 1.50 [1.25 - 2.04]
Two Compartment 0.723 [0.537 - 0.877] 0.473 [0.295 - 0.714]
Variable Resistance 0.671 [0.422 - 0.818] 0.618 [0.322 - 0.759]
model fitting error in other patients. In PS modes, the variable resistance
model and two compartment model have a reasonably similar model fitting
error across all patients. The baseline comparator single compartment model
of Eq. (4.1) has higher RMSE in all cases, as expected. Table 4.2 presents
the summary RMSE fitting error statistics over all patients for the VC and
PS data.
Differences in AIC are presented in Figure 4.2. The AIC is worst in the sin-
gle compartment model for all datasets, indicating that the models simplicity
does not make up for the large errors in model fit. The variable resistance
model and the two compartment model have similar quality, as the variable
resistance model has lower AIC in some datasets, and the two compartment
model has lower AIC in other datasets.
Figure 4.3 show the distributions of modelled resistance parameters from
the single compartment, viscoelastic and variable resistance models. Rc, rep-
resenting resistance at P0 in the variable resistance model, is generally lower
and less variable than R from the single compartment model. In the VC data
Rlin has a median [IQR] 0.66 s/L [0.48 0.90] and in the PS data, 0.558 s/L
[0.438 0.856]. As Rlin is mostly positive, the resistance generally increases
throughout the breath as pressure increases. Raw, airway resistance in the
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viscoelastic model is negative in much of the data in both VC mode, and to
a lesser extent in PS modes. The viscoelastic tissue resistance, Rt, is mostly
positive, but in many patients the lower quartile is negative for the PS data.
Figures 4.4 and 4.5 show examples of model fitting to measured pressure
data for the PS and VC datasets, respectively. The variable resistance model
and the two comparment model generally have a much improved model fit
over the single compartment model in the first part of inspiration, where
airway pressure is rapidly changing.
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Figure 4.3: Box plot of parameter distributions showing 5th, 25th, 50th,
75th and 95th percentiles with outliers excluded for all datasets. R is from
the single compartment model. Raw and Rt are from the two compartment
viscoelastic model. Rc and Rlin are from the variable resistance model.
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Figure 4.4: Sample breaths from different patients and days of VC data,
showing the relative fits of each model to the recorded data. Particularly
poor model fitting is evident in d, while a, b, and c are much better, but
still not as good as the PS data in Figure 4.5












































Figure 4.5: Sample breaths from four different patients during PS ventilation,
showing the fitting of each model to the recorded data. Examples show cases
of good and poor model fits. All examples have large errors in the single com-
partment model, and the two compartment and variable resistance models
have much improved fitting in the first 0.1s of inspiration. d has very good
model fitting in both the two compartment, and variable resistance models,
while in b, the error is far larger, particularly at the end of inspiration.
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4.4 Discussion
As shown in Table 4.2, in general, the variable resistance model has similar
model fitting error to the two compartment model, and lower fitting error
than the single compartment model. A sample of the model fitting is also
shown in Figures 4.4 and 4.5. These results illustrate how the single com-
partment model tends to have particularly poor model fitting in the early
part of inspiration. In some examples, the two compartment model and the
variable resistance model have very similar shapes, though in other examples
they can be quite different. Overall, the variable resistance model achieves
slightly better model fitting performance in VC data, and the two compart-
ment model performs slightly better in PS data.
The differences in error are reflected in the AIC for each patient, as seen
in Figure 4.2. These results suggest the variable resistance model is better
quality in the VC data, and that in PS data the two compartment model
is generally better quality. The AIC makes an assessment of the trade-off
between model fitting error, and the complexity of the model, which increases
as additional parameters are added to the model.
Airway pressure may increase upper airway diameter (Shen et al., 2000;
Brown and Mitzner, 1996), which in turn should decrease airway resistance.
Therefore, resistance was chosen to be a function of pressure, rather than
volume. Changes in volume in the lung during tidal breathing are mostly in
the distal regions of the lung, rather than in the upper airways, where the
majority of airway resistance occurs (Damanhuri et al., 2014). It is thus rea-
sonable to expect resistance to have some pressure-dependence. In addition,
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the model fitting error was lower with a pressure dependant resistance com-
pared to the work where model was initially tested with volume by adding
a V (t)V̇ (t) term to Eq. (4.1), or a flow dependant resistance using a V̇ (t)2
term in Eq. (4.1)).
In the VC data, identified resistance parameters are less variable over pa-
tients and breaths using the variable resistance model than using the single
compartment model. This result is seen in Figure 4.3a, where Rc is clustered
around 1 cmH2Os/L, while much of the variability seen in the single com-
partment elastance, is accounted for in the Rlin parameter. However, in the
PS data, both Rc and Rlin are quite variable. Overall, the majority of breaths
have positive values of Rlin, which indicates resistance is generally increasing
during a breath as pressure rises.
The PS data is all recorded at P0 ≈ 5cmH2O, and due to the lack of
changes in PEEP in this data, it is not possible to see trends in identified
resistance parameters as PEEP and thus overall pressures change. Clinically,
such values and consistency in PS ventilation are common, limiting the data
quality for this model test and validation. There are some PEEP changes
in the VC data, and the changes in identified Rc and Rlin with PEEP can
be seen in Figure 4.6. Figure 4.6 shows there is no observable trend in Rc
as PEEP changes. The greatest changes with PEEP are seen in Patient 1.
However, Rc does not change much with higher PEEP. In Rlin, there appears
to be a slight trend of increasing Rlin with increasing pressure.
A true validation for this model, would require the ability to separate the
resistive pressure from the pressure due to elastance and filling of the lung.
To accomplish this task would require a continuous measurement of alveolar
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Figure 4.6: Identified Rc and Rlin parameters with changes in pressure for
each patient in the VC data
pressure during ventilation. The extreme invasiveness of this measurement,
makes it inappropriate for any human clinical data, and would only be feasible
with an animal model. As the model cannot be readily clinically validated to
this level, further studies are needed.
Rlin is positive for most breaths for most patients across both the VC
and PS data, as can be seen in Figure 4.3. This result was unexpected,
as increasing pressure during inspiration would be likely to cause airway
dilation, rather than constriction. It also contrasts the NARX model results
of Langdon et al. (2016) on a different set of data. Increased airway diameter
is expected to result in a lower respiratory system resistance.
The trend of increasing resistance with pressure is not consistent with tur-
bulent flow occurring in the larger airways. In transitional and turbulent flow,
resistance is higher when flow rate is higher. In both VC and PS ventilation
modes, airway flow decreases during inspiration from an initial peak shortly
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after the start of inspiration. If the changes in resistance during inspiration
were due to turbulence, then Rlin would be expected to be negative, as the
higher flow at the start of inspiration would cause a decreasing resistance.
Therefore, the changes in resistance seen in this study are unlikely to be due
to airway dilating or turbulent effects.
While an increase in resistance with an increase in pressure is unexpected,
similar results have been presented. Mols et al. (2001) used the slice method
to split the breath into 6 slices of equal volume and calculated resistance
and compliance within each slice. Mols et al. found that resistance increased
in slices with higher volume for 8 out of 16 patients. Mols et al. suggested
longitudinal airway stretching as a mechanism where the cross sectional area
could decrease at higher pressure and volume. In addition Eissa et al. (1991)
measured resistance using the interrupter method (Guérin and Richard, 2012)
at different lung volumes from 200mL - 1L. Eissa et al. found that resistance
increased at higher lung volumes, and this effect was more pronounced at
higher PEEP. They also suggested longitudinal stretching of lower airways
as a cause of the increased resistance.
Although Mols et al. and Eissa et al. reported resistance increasing with
volume, they give credence to the positive values of Rlin found here, which
shows resistance increasing with pressure. This result suggests the variable
resistance model can provide physiologically plausible parameter estimations
together with an decreased model fitting error. The two comparment model
has similar model fitting error, particularly in the PS data, but, as seen in
Figure 4.3, it frequently results in non-physiological negative resistance pa-
rameters for the viscoelastic interpretation of the model. Non-physiological
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parameter values are a problem for respiratory mechanics models based on
physiological assumptions. Thus, it can be concluded that the variable resis-
tance model is superior to the viscoelastic model in these datasets.
4.5 Summary
In respiratory mechanics models, resistance is often given less focus than elas-
tance or compliance, and the impact of resistance is often simplified. Respira-
tory system resistance is likely to have some components that change during
a breath. A variable resistance model of respiratory mechanics is presented
as an extension of the single compartment model which allows resistance to
change linearly with pressure during inspiration. The performance of this
variable resistance model is tested against a single compartment, and a two
compartment model using two clinical datasets using pressure support ven-
tilation, and volume control ventilation over a combined 29346 breaths. The
variable resistance model fits clinical data slightly better than a two com-
partment viscoelastic model, and much better than a single compartment
model. In VC data the variable resistance model is much better than the two
compartment viscoelastic model, while in PS data, they have similar per-
formance. The identified variable part of resistance is mostly positive which
indicates that resistance increases during inspiration as pressure increases,
this is possibly a result of a decrease in airway diameter at higher pressure
due to longitudinal stretching.
Chapter 5
Asynchrony
For everything there is a season,
and a time for every matter
under heaven
Ecclesiastes 3:1, The Bible
5.1 Introduction
Mechanical ventilation aims to provide sufficient pressure to prevent dere-
cruitment and overdistention of alveoli, another important objective of me-
chanical ventilation is to provide good matching of patient effort to the level
and timing of ventilator support. Patient-ventilator asynchrony is a mis-
matching of timing and magnitude of inspiration and expiration between the
patient and the ventilator. Fundamentally, it occurs when the patient’s neu-
ral demand for air does not match the timing of the mechanical delivery of air
(Sassoon and Foster, 2001). High levels of sedation and paralysis are typically
used to decrease or eliminate patient effort and thus reduce asynchrony.
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One specific form of asynchrony, known as ventilator-induced reverse trig-
gering, was identified by Akoumianaki et al. (2013), and a very similar breath-
ing pattern was seen in some of the CURE patient data (see Figure 8.6, 1 &
2). The physiological mechanism of reverse-triggering is as yet unexplained,
but has been shown to occur in patients under sedation. This makes reverse-
triggering somewhat distinct from asynchronies due to triggering abnormal-
ities, as they are not directly associated with trigger sensitivity settings on
the ventilator.
Excessive or prolonged sedation can have negative effects on patient out-
comes. Early deep sedation has been shown to decrease in-hospital and two-
year survival (Balzer et al., 2015). A small single-centre clinical trial showed
providing no sedation for mechanically ventilated patients had a significant
increase in ventilator free days (Strøm et al., 2010; Ogundele and Yende,
2010). Allowing patients to spontaneously breathe, by triggering the start of
the breath, can reduce the effects of diaphragmatic muscle atrophy (Sassoon
et al., 2004) and improve lung function (Güldner et al., 2014). Thus as a
result supported ventilation modes are increasingly used.
The prevalence of patient-ventilator asynchrony is not widely known, and,
while it has been associated with negative clinical outcomes and increased
mortality (Thille et al., 2006; Blanch et al., 2015), it is not yet clear if it
is the cause or effect of poor prognosis (Epstein, 2011). Existing detection
of patient-ventilator asynchrony has relied on visual inspection of ventilator
waveforms (Georgopoulos et al., 2006), or additional invasive monitoring of
the electrical activity of the diaphragm (Sinderby et al., 2013). Visual in-
spection of waveforms is both time consuming for clinical staff and has low
Chapter 5. Asynchrony 73
sensitivity (Colombo et al., 2011), while the additional cost and invasiveness
of added monitoring is also not desirable.
Robles-Rubio et al. (2012) developed a classification method for asyn-
chronous and synchronous breathing episodes in a sleep medicine context. It
uses a respiratory inductive plethysmography for a measurement of ribcage
and abdomen movement, rather than the airway pressure and flow profiles
available from the ventilator. Robles-Rubio et al. use k-means clustering
for automated unsupervised classification of respiratory events into pauses,
movement artefacts, asynchronous, and synchronous breathing.
Monitoring of asynchronous events (AEs) may thus be of great clinical
importance, as there has not yet been enough research into the implications
of high levels of asynchrony on patient outcomes. This chapter outlines some
existing methods of asynchrony detection. Three methods of automated asyn-
chrony detection are then tested against a manually classified dataset from
the CURE RCT pilot trial.
5.2 Data
5.2.1 CURE RCT pilot trial
The data used in this chapter is from the first nine patients in the second
phase of the CURE RCT pilot trial (see Section 4.2.2. The CURE RCT is a
300 patient trial in the Christchurch Hospital ICU to evaluate the efficacy of
ventilation at minimal elastance. The two arms of the trial are model-based
ventilation (MBV) and standard practice ventilation (SPV). MBV involves
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initial large RMs and frequent small RMs to adjust PEEP to ensure the
patient is ventilated at minimal elastance. CURESoft (Szlavecz et al., 2014)
is used to record pressure and flow waveforms directly from the ventilator.
In MBV, CURESoft displays elastance, and makes reccomendations on the
optimal PEEP to clinicians. For patients in the SPV arm, CURESoft only
records pressure and flow for post-hoc analysis.
The data used in this analysis is from the pilot phase of this trial, where
patients were randomised into the SPV or MBV group to test the trial pro-
tocol and systems needed for the main trial. During the pilot phase, small
changes to the protocol have been made, and the data from the patients in
the pilot phase will not be considered in the analysis of the efficacy of the
MBV protocol.
5.2.2 Manual classification
To enable the evaluation of performance of automated asynchrony detection
algorithms, there needs to be a gold standard of whether a breath is syn-
chronous or not. Manual detection, comprises looking at pressure and flow
waveforms for each breath by trained researchers. In absence of other meth-
ods it remains the gold standard in asynchrony detection (Colombo et al.,
2011).
However, Colombo et al. (2011) showed that among intensive care physi-
cians, the ability to identify asynchronies with pressure and flow waveforms
was very low, and there was also low agreement between clinicians. Physicians
were also less sensitive to AEs when they occurred with greater prevalence.
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Figure 5.1: Screenshot of the manual asynchrony classification tool, where
the current breath has been classified as having an inspiratory asynchrony
due to the perutrbation in the flow profile near the beginning of the breath.
The Colombo et al. (2011) study used manual analysis of EAdi signals in
addition to airway pressure and flow to assess the accuracy of the manual
physician classifications.
Combining the analysis of waveforms with an electromyographic mea-
surement of diaphragm activation, such as EAdi, allows better detection of
patient triggering efforts and comparison of patient effort with the timing
ventilator support (Carlucci et al., 2013). However, this data is not commonly
available, and EAdi measurements are not present in the CURE cohort.
To create a dataset for training and testing of automated asynchrony
detection, a GUI was developed to speed up the manual inspection process
and recording of results. The GUI displayed a pressure and flow signal for an
individual breath, with check boxes to record whether an asynchrony occurs
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in inspiration and/or expiration. Figure 5.1 shows a screenshot of the tool
used to classify patient data in this study.
Manual classification was performed on 18114 breaths, of which 2936
were asynchronous and 15178 were clean, from patients MBV001-004 and
SPV001-005 in the CURE RCT pilot. The manual classification makes no
distinctions for the cause of AEs, and did not quantify the magnitude of
AE. Appendix A shows samples of 200 classified breaths, split up into sec-
tions of inspiratory asynchrony, expiratory asynchrony, both inspiratory and
expiratory asynchrony, and no asynchrony. Careful inspection of these ran-
domly selected breaths revealed certain breaths may be misclassified due to
the variability of asynchronous breathing patterns. This appendix thus illus-
trates the difficulty in manually classifying large numbers of breaths. If every
small perturbation from an “ideal” breath classified as an AE, then 99% of
real clinical data collected would be an AE. The subjective part of AE classi-
fication is therefore determining what level of perturbation is considered an
AE, and what is simply noise.
5.3 Automated asynchrony detection
Automated methods of asynchrony detection are necessary to allow a true
measure of the prevalence of AE in individual patients. High quality au-
tomated asynchrony detection would allow the development of treatment
protocols to manage AEs. Manual classification is infeasible due to the time
required and has the added potential for subjectivity and error.
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5.3.1 Comparisons between binary classifiers
Sensitivity and specificity are common ways of evaluating the peformance
of a binary classifier, such as an automated asynchrony detection algorithm.
Sensitivity is the proportion of asynchronous breaths that are correctly identi-
fied as being asynchronous. Specificity is the proportion of non-asynchronous
(clean) breaths that are correctly identified as being clean. PPV is the pro-
portion of breaths classified as asynchronous that are truly asynchronous.
NPV is the proportion of breaths classified as clean that are truly clean. An
good classifier will have high sensitivity, specificity, PPV, and NPV.
Sensitivity and specificity tend to trade off against each other for a given
model. By changing parameters in the classification algorithm, it can detect
more breaths that are truly asynchronous, thus increasing sensitivity, but also
increases the number of false positives, thus decreasing specificity. Youden’s
J statistic, is a single metric that evaluates the performance of a classifier
(Youden, 1950). It is defined:
J = TP
TP + FN +
TN
TN + FP − 1 = sensitivity + specificity− 1 (5.1)
where TP is number of true positives, TN is number of true negatives, FP
is number of false positives, and FN is false negatives.
Youden’s J statistic could be used to compare methods of detecting asyn-
chrony, but it is problematic when the prevalence of asynchronous and clean
breaths are unequal. If there is low prevalence of asynchrony in a dataset,
then even a relatively high specificity will give a large number of false pos-
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itives, and thus a low PPV. In this situation, specificity is relatively more
important than sensitivity, which is not considered in the J statistic.
When the prevalence of asynchronous and clean breaths are different,
Matthews’ correlation coefficient (MCC) is a better single metric of the per-
formance of the classifier (Powers, 2011). MCC is defined:
MCC = TP × TN − FP × FN√
(TP + FP )(FN + TN)(FP + TN)(TP + FN)]
(5.2)
It thus takes into account the unbalanced number of the asynchronous and
clean breaths in the dataset and can be used as a single metric to evaluate
a binary classifier (Powers, 2011). An MCC of 1 is a perfect classifier, 0 is a
random classifier and -1 is perfectly incorrect. In this chapter, a model with
a higher MCC will be considered superior.
5.3.2 Existing methods asynchrony detection
Bufo et al. (2014) use a temporal logic approach to ineffective efforts during
expiration. They achieved sensitivity of 75.3%, specificity of 97.4% positive
predictive value (PPV) of 86.5%, negative predictive value (NPV) of 94.6%,
and MCC of 0.769 across 422 breaths from one patient. Of these 422 breaths,
77 contained ineffective efforts. The overall low number of total breaths and
data from a single patient are indicative of this type of study.
Blanch et al. (2012) validated the ability of a software system to evalu-
ate ineffective efforts during expiration. This software system uses a model
based approach to identify asynchrony due to ineffective effort by fitting an
exponential decay to the expiratory flow curve. If the flow deviates by more
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than 42% from a mono-exponential decay it is classified as an ineffective ef-
fort. A total of 1024 breaths from 8 patients were manually inspected by 5
clinicians. Breaths where there were disagreements between clinicians were
removed from analysis. The BetterCare system achieved sensitivity of 91.5%,
specificity of 91.7% PPV of 80.3% and NPV of 96.7%, and MCC of 0.800 when
compared with specialist manual inspection (Blanch et al., 2012). Again, the
number of breaths was relatively limited. The 42% threshold was chosen as
it was the optimum threshold to discriminate between ineffective efforts, and
normal breaths in the data used in the study. Because some breaths were
eliminated from the analysis, the model did not have to make classifications
of the “controversial” breaths. Thus, there is no guarantee that this method
would generalise well.
Mulqueeny et al. (2007) used an automated algorithm to detect ineffective
triggering and double triggering. The description of the algorithm is not
clear, but involves first and second derivatives of the flow signal after a noise
filter and leak compensation algorithm. Their algorithm achieved sensitivity
of 91%, specificity of 97%, PPV 84.%, NPV 98.7%, and MCC of 0.89 where
there was 507 instances of ineffective triggering across 3343 analysed breaths.
In 13 of 20 patients, there were no AEs, so patient-ventilator mismatching
was induced using pressure control with a very low respiratory rate, which
may also confound results when considering freely occurring AEs.
5.3.3 ALIEN
Chiew et al. (2015b) presented ALIEN and evaluated its performance over
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5701 breaths from 11 different patients undergoing mechanical ventilation.
ALIEN uses five features of the pressure and flow waveforms to determine
if a given breath is asynchronous or not. The ALIEN algorithm splits the
pressure and flow waveforms into segments where the value of the signal is
either increasing or decreasing. Segments of the signal are discarded if the net
change in flow or pressure are less than a certain threshold. These thresholds
are proportional to the maximum flow, or ∆P . This segmenting is performed
in inspiration on the pressure and flow signals, and in expiration on the flow
signal. 3 parameters then define the minimum magnitude of pressure or flow
change in a segment. These parameters are KQ,insp, KP,insp and KQ,exp. If
there is more than 2 segments in inspiratory pressure, inspiratory flow, or
expiratory flow, the breath is defined as asynchronous.
The ALIEN algorithm also fits a physiologically relevant mono-exponential
decay to the flow signal in expiration. ALIEN then calculates τ , the time con-
stant of the exponential decay, and Adiff, the area between the fitted curve
and the flow data. The value of τ or Adiff is compared with the median of
that parameter over the last 500 breaths. If the difference between τ and the
median of τ is greater than Kτ,exp × τmedian the breath is defined as an AE.
Likewise, if Adiff and the median of Adiff is greater than KA,exp × Adiff median
the breath is defined as an AE. Thus, decreasing the values of any of the K
parameters increases the sensitivity of the algorithm, and will classify more
breaths as AE. The performance of the ALIEN method is is highly dependent
on the selection of thresholds for these five features.
The dataset used in the original ALIEN analysis had a relatively high
incidence of asynchrony at 51%. In part the prevalence of asynchrony is high
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due to the sensitivity of detection of the manual inspection classifying very
small deviations from a “perfect” breath as asynchronous.
The published thresholds for ALIEN are shown in Table 5.1. Applying
these threshold values to the CURE pilot dataset detailed in Section 5.2.1
gives the results shown in Table 5.2. These clearly show the thresholds for
asynchrony classification are far too low for this dataset, and the algorithm
is far too sensitive, labelling almost every breath as asynchronous. The origi-
nally published ALIEN parameters must be refined for optimal performance
in this dataset.
Table 5.2: Results of ALIEN with original thresholds. Sensitivity 99.9%,
specificity 0.6%, PPV 16.3 %, NPV 98.9 %
Manual classification
Asynchronous Clean Total
ALIEN Asynchronous 2935 15084 18019Clean 1 94 95
Total 2936 15178 18114
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Because the thresholds originally published by Chiew et al. (2015b) are far
too sensitive for the CURE pilot dataset, the threshold values have been op-
timised. As the ALIEN algorithm considers its five features independently,
the K parameters may be altered individually. Each K parameter was in-
creased to the values shown in Table 5.3 to increase the specificity and obtain
a maximum MCC. The confusion matrix results for the ALIEN algorithm is
presented in Table 5.4.
The MCC for the CURE pilot results in Table 5.4 is 0.628. For com-
parison, the MCC of Table 5.2 is 0.03. Hence, the new thresholds perform
far better, but are still not as good as the results reported with the original
dataset that the algorithm was developed with. Chiew et al. (2015b) reported
a sensitivity of 91.2% and specificity of 81.7%. Additional calculations can
be made for PPV of 82%, NPV of 88.2% and MCC of 0.678.
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Table 5.4: Results of ALIEN with new thresholds. Sensitivity 65.4%, speci-
ficity 95.1%, PPV 71.9%, NPV 93.4%
Manual classification
Asynchronous Clean Total
ALIEN Asynchronous 1920 751 2671Clean 1016 14427 15443
Total 2936 15178 18114
5.3.5 Machine Learning options
Machine learning approaches have been used by Bufo et al. (2014) for clas-
sifying ineffective efforts, and machine learning are applied to a wide range
of classification problems in other fields. This section briefly explores using a
very simple probabilistic naive Bayes classifier and a slightly more complex
feedforward neural network for classifying breaths.
Naive Bayes Classifier
Using the features of the breathing data used by ALIEN, a naive Bayes
classifier can be trained. While ALIEN classifies a breath as asynchronous if
any of the breath metrics are above a threshold to classify the breath, a naive
Bayes classifier can be used to learn the distributions of feature values and
then determine if the breath is more likely to be asynchronous or clean. The
naive Bayes algorithm assumes the features selected are independent. This
assumption is violated, as the number of gradient changes in inspiratory
pressure and flow are correlated. Naive Bayes generally still performs well
as a binary classifier even when the independence assumption is violated
(Domingos and Pazzani, 1997).
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Naive Bayes fitting A naive Bayes classifier was trained using the same
features extracted by the ALIEN method. Namely, the number of segments
in inspiratory pressure, inspiratory flow, expiratory flow, time constant of
exponential flow decay, and area between the exponential decay curve and
the expiratory flow curve. The model was trained using all the data from
the SPV patients, n=10659 breaths, of which 21% are asynchronous. The
fitcnb function in MATLAB (R2016a, The MathWorks, Natick, USA) was
used to learn the distributions of the features in the asynchronous and clean
breaths, and create a model that classifies a given breath based on the relative
probability of being asynchronous or clean depending on its features.
Naive Bayes performace The model is trained on the SPV data, and
additionally validated on the MBV data. The performance in the training
dataset is shown in Table 5.5, and is almost identical to the performance
of ALIEN in Table 5.4. When the trained model is applied to the different
dataset of the MBV patients (n=7455 breaths), the sensitivity is lower, the
specificity is higher, the NPV is better, and the PPV is worse. Overall, MCC
is slightly worse.
Table 5.5: Results of naive Bayes classifier in training SPV dataset. Sensitiv-
ity 65.4%, specificity 93.8%, PPV 74.0%, NPV 91.1%, MCC 0.622
Manual classification
Asynchronous Clean Total
ALIEN Asynchronous 1473 518 1991Clean 771 7897 8668
Total 2244 8415 10659
When the trained model is tested on a different dataset of all the MBV
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Table 5.6: Results of naive Bayes classifier in validation MBV dataset. Sen-
sitivity 62.9%, specificity 96.1%, PPV 62.4%, NPV 96.2%, MCC 0.588
Manual classification
Asynchronous Clean Total
ALIEN Asynchronous 435 262 697Clean 257 6501 6758
Total 692 6763 7455
patients, the performance is slightly worse, as seen in Table 5.6
The naive Bayes model has very similar performance to the original
ALIEN model. It has the advantage that it can easily be tuned by increas-
ing the misclassification cost of false for false negatives, resulting in more
breaths being classified as asynchronous. This approach increases sensitivity,
but concomitantly decreases specificity.
Feedforward Neural Network
Training The model is trained using the patternnet function in MATLAB
using scaled conjugate gradient backpropagation for training with a single
hidden layer with 30 nodes. The training dataset is the same as is used for
the naive Bayes model, n=10659 breaths from the SPV patients, with 21%
incidence of asynchrony. 70% of this dataset is used for training, 20% for
validation, and 10% for testing. The inputs to the neural network are the
pressure and flow waveforms for each breath. Pressure and flow are both
normalised to a nominal 1s duration at 50Hz, thus pressure and flow are
both 51 data points long. These pressure and flow vectors are concatenated,
thus the input vector has 102 elements.
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Testing In addition to the 20% of the SPV dataset that is used for testing,
the trained network is additionally tested on the entire MBV dataset of
7455 breaths. Testing on completely different patients to which the model
was trained with is an important step, as different breaths from the same
patient tend to have a very similar shape. Table 5.7 shows the trained model
performing well on the data it was trained with, achieving better results than
ALIEN or the naive Bayes model. However, the model is somewhat overfitted
as it generalises very poorly to the MBV dataset as seen in Table 5.8.
Table 5.7: Results of feedforward neural network across the whole training




Neural Network Asynchronous 1468 213 1681Clean 778 8200 8978
Total 2246 8413 10659
Table 5.8: Results of feedforward neural network in the MBV testing dataset.
Sensitivity 63.3%, specificity 62.7%, PPV 14.8%, NPV 94.3%, MCC 0.154
Manual classification
Asynchronous Clean Total
Neural Network Asynchronous 438 2522 2960Clean 254 4241 4495
Total 692 6763 7455
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5.4 Discussion
5.4.1 Cross validation
The algorithms of Bufo et al. (2014); Blanch et al. (2012) and Mulqueeny
et al. (2007) did not appear to use different patients in the validation and
testing of their algorithms. Bufo et al. (2014) tested their algorithm on a
different set of breaths, but from the same patient. The results shown in
Table 5.8 demonstrate that cross validation in this type of problem is crucial.
The neural network had reasonably good performance in the patients on
which it was trained, and then had very poor performance with data from
different patients.
An extreme example of this behaviour is seen if the model is trained
without any validation data. In this situation, given enough parameters, the
model can essentially “memorise” the entire training dataset to achieve high
performance in the training data, but has limited ability to generalise. The
issue of poor generalisation may be reduced by training a model with a
very diverse dataset, with breaths from hundreds of different patients, thus
presenting all the typical and atypical shapes of pressure and flow waveforms.
However, this approach is very difficult as seen in Appendix A due to the
diversity of AE presentations in pressure and flow.
5.4.2 Prevalence of asynchrony
In the training dataset approximately 20% of breaths are asynchronous.
When developing a model, because of the unequal size of the asynchronous
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and clean classes, an algorithm with relatively high specificity will classify
more breaths correctly than a relatively more sensitive method. While testing
the methods presented here, a number of datasets were created with specific
ratios of asynchronous to clean breaths. By using a dataset with equal preva-
lence of asynchronous and clean breaths, a method that had relatively equal
sensitivity and specificity could be developed. These methods tended to have
good performance on the training data, but, when they are tested in a com-
plete dataset from a patient ( 20% asynchrony), their performance was poor
due to the high number of false positives.
5.4.3 The problem with the gold standard






























































Figure 5.2: An example of three breaths which were manually classified. a
was classified as a clean breath, and b and c were classified as asynchronous.
Though breath a was classified as clean, it still has small perturbations in
pressure and flow.
The gold standard of asynchrony detection is manual inspection of wave-
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forms (Colombo et al., 2011). Manual inspection of large numbers of similar
waveforms is prone to error, even among experienced clinicians. This difficulty
is illustrated in Figure 5.2a. and b., where b has only a slightly larger drop
in pressure and flow than a, but is classified as an AE. The other difficulty is
determining if an AE occurs in inspiration or expiration. Frequently, the AE
occurs close to where the pressure sharply drops at the end of inspiration,
and it can often appear to be before the drop in pressure at end-inspiration,
even though the flow has become negative, or vice-versa.
When the gold standard is known to be error prone, developing different
metrics to monitor the prevalence of asynchrony is also difficult (Chase et al.,
2014) . That means a very good classifier should not expect to exactly match
the manual detection data. With the methods presented in this chapter, this
is probably of minor importance, as none of the methods were very close to
the manual classification.
5.5 Summary
Asynchrony in mechanical ventilation is associated with negative clinical out-
comes, but the nature of this association remains unknown due to limited
research in the field. To enable large scale asynchrony monitoring, automated
methods of asynchrony detection are required. Existing methods of asyn-
chrony detection have reported good results, but are trained and tested on
very limited datasets.
Three methods of automated asynchrony detection, ALIEN, a naive Bayes
classifier, and a feedforward neural network are tested here. None of them
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achieved particularly good performance in the validation datasets that they
were not developed on. Machine learning approaches to asynchrony detection
are likely to perform well, but will require much broader training data than
is available here to be adequately accurate and generalisable to new patients.
Asynchrony was present in 16% of the data from the CURE RCT pilot
trial. This level of asynchrony is problematic for respiratory mechanics esti-
mations that assume a passive patient. The next 3 chapters look at methods
of respiratory mechanics estimations when there is patient effort and asyn-
chrony in the data.
Chapter 6
Pressure Reconstruction
Reports that say that something
hasn’t happened are always
interesting to me, because as we
know, there are known knowns;
there are things we know we
know. We also know there are
known unknowns; that is to say
we know there are some things
we do not know. But there are
also unknown unknowns – the




When the underlying respiratory mechanics of a patient are masked by any
patient diaphragmatic effort, it is difficult to use a model-based approach
to guide mechanical ventilation treatment or monitor a patients lung con-
dition (Talmor et al., 2008; Brochard et al., 2012). Patient effort can be
91
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present during spontaneous breathing, asynchronous breathing, or reverse-
triggering. Reverse-triggering is a form of neuromuscular coupling, identified
by Akoumianaki et al. (2013), where patient breathing efforts occur during
ventilator controlled breaths.
Patient breathing efforts cause anomalies in the patient pressure profiles
for volume control modes, or the volume and flow profiles when in pressure
control modes. These profile changes lead to mis-identification of respiratory
mechanics. Pressure reconstruction is an approach that can be used to es-
timate the underlying respiratory mechanics of volume control breaths that
have been interrupted by patient breathing efforts.
Figure 6.1.a shows an example of airway pressure and flow during me-
chanical ventilation support in a VC mode, where reverse-triggering is not
present. In contrast, Figure 6.1.b shows an example of reverse-triggering,
where the large section of lower pressure is caused by the unmodelled patient
effort which reduces measured airway pressure. During reverse triggering,
a single compartment lung model was not able to accurately capture the
lung mechanics, resulting in poor model fitting, and, in this example, sig-
nificant underestimation of the underlying respiratory elastance (Brochard
et al., 2012). Over several breaths, with and without reverse-triggering, signif-
icant variability and inaccuracy are induced, which severely inhibits decision
support and monitoring using model-based respiratory mechanics.
In this chapter, a method of pressure reconstruction, known as pressure
reconstruction for eliminating the demand effect of spontaneous respiration
(PREDATOR) is presented to address the issue of respiratory mechanics
identification in the presence of variable patient effort, with a particular focus
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Figure 6.1: A: Good fitting of model to a VC breath with no reverse-
triggering. E=32.8cmH2O/L, R=8.1cmH2Os/L B: Poor fitting of model to a
VC breath with reverse-triggering. E=14.1cmH2O/L, R=12.2 cmH2Os/L
on reverse-triggering. The PREDATOR method determines the respiratory
mechanics of these abnormal breathing cycles through a series of identifi-
cation and reconstruction algorithms. The efficacy of PREDATOR is first
tested using simulated VC breathing cycles imposed with reverse-triggered
muscular efforts. It is further tested and validated using data from clinical
patients with reverse-triggered breathing cycles.
6.2 Methods
6.2.1 Simulation of reverse triggered breathing cycles
To assess the efficacy of PREDATOR in determining the underlying respi-
ratory mechanics of reverse-triggered breathing cycles, a forward simulation
was performed. The forward simulation uses the respiratory mechanics of a
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single compartment lung model (Bates, 2009) and ventilator settings as its
inputs, to generate pressure, flow and volume profiles as outputs. The three
main steps are defined: 1) Ventilator profiles are simulated first without any
patient effort; 2) patient effort is added; and finally 3) random noise is applied
to match clinical data.
Single Compartment Lung model
A single compartment lung model (see Section 3.3.1) is:
Paw(t) = ErsV (t) +RrsV̇ (t) + P0 (6.1)
Under VC ventilation, a target tidal volume, PEEP and flow profile, either
decelerating ramp or square, can be set. These settings determine the airway
flow, V̇ (t), and inspired volume, V (t). The ventilator then delivers the pres-
sure support required to achieve the desired flow profile and tidal volume, as
shown in the top left of Figure 6.2.
When ventilator-induced reverse-triggering occurs during VC ventilation,
it is manifested as an anomaly in the pressure profile. To account for the res-
piratory efforts of the patient, Eq. (6.1) can be extended with a patient effort
term. The observed airway pressure is thus the sum of pressure applied by
the ventilator, and the pressure that results from the patients diaphragmatic
contractions.
Pvent(t) + Ppatient(t) = ErsV (t) +RrsV̇ (t) + PEEP (6.2)
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Figure 6.2: From top left: Simulated mechanical ventilation VC breath with
no patient muscular effort, Ers=20 cmH2O/L, Rrs=8 cmH2Os/L. (Top right)
Parabolic shaped patient effort profile. (Bottom left) Resulting pressure curve
from the superposition of patient effort onto the normal breath before random
noise is applied. (Bottom right) Flow and volume corresponding to these
pressure curves.
The change of diaphragmatic pressure is seen in pleural pressure (Brochard
et al., 2012).
Patient Effort
Based on examples of ventilator-induced reverse-triggered breathing cycles
observed in clinical data in VC mode (Akoumianaki et al., 2013), the reverse-
triggering can be described as a parabolic shape of negative pressure, sub-
tracted from the inspiratory airway pressure curve. To simulate the reverse-
triggering, parabolic patient efforts are generated and added to the previously
simulated pressure profile. The modelled patient effort is modelled on three
normally distributed random parameters to create a parabola, as defined in
Table 6.1 and shown in Figure 6.2. In particular, Figure 6.2 shows how the
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Table 6.1: Normally distributed random variables to define patient effort
Parameter Mean Standard Deviation
Ptrigger 0.9 Pmax + 0.1 PEEP cmH2O 0.17 cmH2O
tduration 0.4 s 0.1s
Pstrength 3 cmH2O 0.5 cmH2O
patient effort is used to simulate a pressure profile with reverse-triggering,
defined:
Ppatient(t) =
4Pstrength(t− tstart)(t− tstart − tduration)
−t2start + 2tstart(tstart + tlength)− (tstart + tlength)2
(6.3a)
Ppatient(t < tstart) = 0 (6.3b)
Ppatient(t > tstart + tduration) = 0 (6.3c)
Ptrigger = Pvent(t = tstart) (6.3d)
Equations (6.3) define a parabolic shape used to model a patient effort. The
three parameters used are each normally distributed random numbers. This
choice means each patient effort simulated is similar in shape and position,
but has some variation to match real world observations. The value tstart is
defined as the first time when Pvent first equals Ptrigger.
Addition of noise
Random noise is added to the pressure, flow and volume profiles. A 1%
normally distributed multiplicative random noise is used in the simulation
based on the noise observed in the measured ventilator data. This addition
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allows a better match and comparison of modelled and measured data.
6.2.2 Identifying respiratory mechanics in breathing
cycles with reverse-triggering
As shown in Figure 6.1.b, using multiple linear regression fitting to all the
data, yields model variables that under/over estimate the underlying respi-
ratory mechanics for more variable breath-to-breath than might be expected
(Major et al., 2016). In this study, two methods are proposed to improve
fitting of the single compartment model.
• Method 1 works on the assumption that part of the breathing cy-
cle is unaffected by the patient’s diaphragmatic effort. Therefore, the
model can be used to describe the part of the breath unaffected by
reverse-triggering. However, this method is unable to provide an accu-
rate estimation of respiratory mechanics if the reverse-triggering occurs
very early in the breath, as there will be little or no data to identify
the model because the first part of inspiration are necessary/critical for
identifying accurate resistance and thus elastance terms (Bates, 2009).
• Method 2 extends method 1 to overcome the limitation of early inter-
ruptions in the pressure profile. This process involves reconstructing a
’correct’ breath from many breathing cycles with reverse-triggering. In
patient data, it was observed that while the pattern of reverse-triggering
was consistent, occurring in every breath, the exact timing of the di-
aphragmatic contraction varies yielding some breaths with enough data






























































Figure 6.3: How PREDATOR is used to reconstruct a breathing cycle with
more ’correct’ data from 3 clinical breathing cycles affected by reverse-
triggering
to identify an accurate model. This second, extended method is abbre-
viated as PREDATOR
As can be seen in Figure 6.3, the pressure curves are very similar for
the first part of inspiration before the reverse-triggering occurs. By taking
the maximum of enveloped pressure, at all points, over a number of breath-
ing cycles, a pressure profile can be generated that has less data affected by
patient-specific effort than any individual breath allowing accurate identifi-
cation up to the patient induced pressure drop. Figure 6.3 shows an example
of how the reconstruction works for three breathing cycles to reconstruct a
breathing cycle with more ’correct’ data. If the reconstructed breath is only
fitted from the start of inspiration up to the point of first pressure decrease,
a more accurate estimate of the underlying respiratory mechanics can be
determined.
For robustness, the point of first pressure decrease is found from a low-pass
filtered pressure profile. This approach means that small drops in pressure
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Start of patient effort
Figure 6.4: Example of identifying the start of reverse-triggering using a
filtered pressure wave in simulated data
due to high frequency noise will not be identified as the beginning of the
ventilator-induced reverse-triggering. An example is shown in Figure 6.4.
6.2.3 Validation of identification method
Validation is first performed on simulated data where the patient effort and
mechanics can be exactly known. A further validation uses clinical data.
Monte carlo simulation validation
Monte Carlo simulations are carried out, where many breathing cycles were
simulated all with a elastance of 20 cmH2O/L and resistance 5 cmH2Os/L.
Each breath has a different patient effort randomly created from Eq. (6.3)
and a normal distribution so all the breathing cycles have different patient
efforts. This analysis uses 1000 iterations. PREDATOR and standard results
are compared to known mechanics. Distributions of identified elastance and



































































Figure 6.5: Resulting pressure profile and fitted model, by using 1,5,10 and
20 breaths in the reconstruction, compared with the standard algorithm.
resistance are compared for the different methods to the known true values
used in simulation.
Clinical data validation
Validation is carried out by testing PREDATOR on reverse-triggered breath-
ing cycles that occurred in clinical settings. The clinical data is taken from
patients in the CURE pilot trials (Chiew et al., 2015c). The data used in this
study comprises 246 breathing cycles. Full comparison of PREDATOR with
other methods is carried out in Chapter 8
6.3 Results
Table 6.2 shows the identified elastance and resistance (mean, µ, and stan-
dard deviation, σ) over 1000 Monte Carlo simulation iterations for different
numbers of breathing cycles in the reconstruction algorithm, using simulated
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Table 6.2: Distribution of calculated parameters (mean, µ, and standard
deviation σ) for different numbers of breathing cycles used for the recon-
struction algorithm. In the forward simulation Ers=20 cmH2O/L and Rrs=5
cmH2Os/L
Number of breathing cycles Ers [cmH2O/L] Rrs [cmH2Os/L]
used for reconstruction µ σ µ σ
1 20.011 0.271 4.997 0.081
2 20.174 0.216 5.094 0.066
3 20.256 0.193 5.143 0.059
4 20.302 0.189 5.178 0.060
5 20.352 0.168 5.199 0.053
6 20.381 0.165 5.217 0.053
7 20.402 0.164 5.231 0.052
8 20.420 0.155 5.244 0.050
9 20.448 0.156 5.255 0.047
10 20.460 0.152 5.263 0.049
12 20.467 0.131 5.271 0.043
15 20.490 0.121 5.274 0.038
20 20.493 0.103 5.281 0.034
Standard Algorithm 16.535 1.009 5.805 0.348
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data. Figure 6.5 shows an example of the reconstructed pressure profile with
different number of breaths.
A Chi-squared test comparing distributions of Ers and Rrs between meth-
ods had significantly lower variability for PREDATOR (p<0.05) for all num-
bers of breathing cycles used in the reconstruction. Figure 6.6 shows the
comparison of the distribution of 1000 identified (Ers, Rrs) pairs showing
the accuracy and precision of the standard identification algorithm with the
PREDATOR reconstruction algorithm using 1, 5 and 10 breathing cycles.
Using clinical data, root mean squared error (RMSE) for the model fitting
was calculated for the a continuous period of 246 breathing cycles during a
recruitment manoeuvre with reverse-triggering. The median [IQR] RMSE for
the standard algorithm is 2.48 [0.88 5.00] cmH2O. For PREDATOR using
one breath RMSE is 0.95 [0.87-1.01] cmH2O. The smaller RMSE indicates
the reconstruction generates pressure profiles that fit the single comparment
model much better.
To test the consistency of the respiratory mechanics calculations, the
robust coefficient of variation (RCV), where RCV = median absolute devia-
tion/median, is calculated for each PEEP level (n=12) within two stepwise
recruitment manoeuvres. The median [IQR] RCV for PREDATOR Ers is
5.2% [2.8%-6.7%] compared to 12.1% [8.5%-17.8%] for the standard algo-
rithm. Median [IQR] RCV for PREDATOR Rrs is 5.9% [3.6%-7.7%], while
for the standard algorithm it is 5.7% [3.0%-9.6%]. PREDATOR elastance,
Ers is significantly less variable (p<0.05) thus providing a more consistent
information about the true patient respiratory mechanics.
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PREDATOR with 5 breaths
PREDATOR with 10 breaths
PREDATOR with 1 breath
True parameter value
Figure 6.6: Distribution of identified elastance and resistance for the standard
identification algorithm, and PREDATOR using 1, 5 and 10 breathing cycles
in simulated data
6.4 Discussion
6.4.1 Better estimation of elastance
The PREDATOR method can be used to estimate respiratory mechanics
when ventilator-induced reverse-triggering is present. Precision and accuracy
are increased over the standard algorithm, as seen by the smaller standard
deviations (σ) and Ersµ ' 20 cmH2O/L and Rrsµ ' 5 cmH2Os/L closer to
the simulated value in Table 6.2. In this study, the standard algorithm con-
sistently underestimates elastance due to the drop in pressure in the middle
of the breath. An example of this behaviour can be seen in Figure 6.7 for a
real patient breath. Figure 6.6, confirms this behaviour in simulation where
the standard identification algorithm usually underestimates elastance and
overestimates resistance.
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Figure 6.7: Example of model fitting to a real patient breath, showing both
the standard algorithm and PREDATOR
The precision of PREDATOR estimation method increases as more breaths
are used in the reconstruction. Therefore, the reconstruction algorithm pro-
vides more information and possibly more ’correct’ data. With more data
points, the model identified parameters are less effected by measurement
noise.
It was found that using 5 breathing cycles for the reconstruction in this
case represents a good compromise between lower precision of identification,
using a small number of breathing cycles, and time taken to evaluate respira-
tory mechanics, using a large number of breathing cycles. Using 5 breathing
cycles appears to be the best to use in a clinical situation. Figure 6.6 shows
that using more breaths in the PREDATOR reconstruction results in an
increased estimation offset, where elastance and resistance are both overes-
timated. In a clinical scenario, precision is more important than accuracy
of the identified parameters (Chiew et al., 2011), particularly if the error in
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Figure 6.8: Large reverse-triggering event occurring very early in a breath in
clinical data. Note that pressure is decreased below PEEP by the patient’s
effort
estimated parameters is consistent.
During the simulation, PREDATOR with one breath provides good ac-
curacy, and reasonably good precision. However, the simulation of reverse-
triggered breathing cycles has two key differences to breaths observed in clin-
ical data. The first is the mismatch between pressure and flow at the start
of the breath. The second is that in clinical data, reverse-triggering events
sometimes occur very early in the breathing cycle. Figure 6.8 shows an ex-
ample observed in a different set of clinical data, where reverse-triggering
events are very large and happen very early in inspiration. Breathing cycles
similar to this one occurred in almost every breath for around 160 breathing
cycles for that patient (data not shown). Further analysis of the performance
of PREDATOR with 4 clinical datasets is presented in Chapter 8.
Due to the limitations in the breathing cycle simulations performed, it is
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expected that performance of PREDATOR on clinical data may be worse,
and have greater variability, than the results presented in Table 6.2. For this
reason, using multiple breathing cycles for PREDATOR is likely to provide
a more stable estimate of patient-specific respiratory mechanics.
The disadvantage of using many breathing cycles for PREDATOR is the
time taken. A typical respiratory rate used for mechanical ventilation is 16-
20 breathing cycles per minute. Thus, using 10 breaths in PREDATOR will
result in an approximately 30 second delay in assessing respiratory mechanics
at each PEEP level. Slower identification of respiratory mechanics at the
bedside means recruitment manoeuvres performed to titrate PEEP, will take
longer, and take up more nurse and physician time (van Drunen et al., 2014).
6.4.2 Estimation offset
Table 6.2 shows that the mean estimated elastance and resistance are greater
than the known input values of 20 cmH2OL−1 and 5 cmH2OsL−1, respectively.
The positive offset of identified parameters from their known values increases
as more breathing cycles are used in the reconstruction algorithm. This offset
is due to the limitation of the reconstruction algorithm where using the 90th
percentile of the pressure data at each point is used. As there is measurement
noise, taking the 90th percentile will consistently result in a reconstructed
curve with higher pressures. Higher pressures, given the same flow and volume
lead to higher identified elastance and resistance, and thus an offset.
This effect can be seen in Figure 6.6, where the parameter combinations
using PREDATOR with multiple breathing cycles all have greater elastance
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and resistance than the true value. This limitation could be overcome by using
a measure of central tendency of pressure, such as the median. However, this
approach would defeat the purpose of the reconstruction as it would not
provide correct pressure when reverse-triggering occurs. Hence, there is a
fundamental trade-off.
The shape of the parameter constellation in Figure 6.6 also illustrates
the parameter trade-off that can occur, where underestimating Rrs results in
overestimated Ers, and vice-versa. When identifying Ers and Rrs, if Rrs is
overestimated, the modelled pressure at the start of the breath is too high,
and Ers will be lower to compensate.
6.4.3 Confirmation with clinical data
Model fitting error is greatly decreased using PREDATOR with clinical data
and unknown Ers and Rrs compared to the standard algorithm. Clinical data
offers the opportunity to confirm the method on real data. Mean squared
error offers a metric of ability to fit the data and thus capture the expected
behaviours.
A total of 246 consecutive breaths, with a high proportion of reverse-
triggering, during a recruitment manoeuvre of a single patient are used to test
the method with clinical data. The median RMSE is lower using PREDA-
TOR, and, more significantly, the upper quartile is lower, indicating the
breathing cycles that had very poor model fitting with the standard algo-
rithm have much lower RMSE with PREDATOR, and those breaths with
lower RMSE for the standard algorithm have little change when PREDA-
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TOR is used.
However, as can be seen from Figure 6.7, the PREDATOR model fit is
poor at the start of inspiration. This relatively poor fit is due to a mismatch
in pressure and flow profiles that is not taken into account by the method
or model. At the beginning of the breath, when the inspired volume is very
small, the pressure is generated almost entirely by the resistive term (see
Eq. (6.1)). It is observed that during VC ventilation, the initial rise of pressure
occurs more slowly than the initial rise of flow in the data collected from the
ventilator. This delay is not explained by the model and is possibly due
to measurement delay and contributes to the error in model fitting. This
delay is present in breathing cycles that do not have reverse-triggering, but
it becomes more problematic when using PREDATOR, as less data is used to
fit the model and thus the initial rise of pressure is relatively more significant
in the identification method.
6.4.4 Clinical implications of the PREDATOR method
The PREDATOR method allows more robust and accurate monitoring of
lung mechanics for patients experiencing ventilator-induced reverse trigger-
ing. This method potentially improves the opportunity for model-based me-
chanical ventilation management to guide patient-specific therapy (Buehler
et al., 2014). In particular, for mechanical ventilation management depen-
dent on patient-specific condition. It also provides the opportunity to mon-
itor patient respiratory mechanics without disrupting treatment, or adding
additional invasive measuring tools.
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6.4.5 Limitations
At present, the PREDATOR method is only tested on clinical data from VC
modes and limited patients. It is known that reverse-triggering, and patient
breathing effort in general, in other ventilator modes has different effects
on the pressure and flow profiles, depending on how the ventilator controls
the air delivery. Future work should confirm and/or extend PREDATOR to
estimate lung mechanics using other ventilator modes.
In particular, the reconstruction of both pressure and flow profiles will
be required. Limited data is available at present that has reverse-triggering
present. If further data exhibits consistent and very early reverse-triggering
events, the PREDATOR method could perform poorly. A modification to
the PREDATOR method may be required to enable consistent and stable
estimates of respiratory mechanics in these patients. Chapter 8 presents a
further evaluation of the efficacy of PREDATOR with a more varied range
of patient breathing efforts, and a comparison of performance against other
models, including a method of combined PREDATOR and iterative integral
pressure reconstruction (IIPR) (Newberry et al., 2015)
6.5 Summary
The PREDATOR method is used to reconstruct pressure profiles to assess
underlying respiratory mechanics, specifically, breath-specific and patient-
specific elastance and resistance. The method is tested and initially validated
using both simulated and clinical data. Using simulated data, the standard
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deviation of identified elastance and resistance are both significantly smaller
using PREDATOR compared to the standard single compartment model.
Variability in identified elastance is significantly decreased in clinical data
tested and the robust coefficient of variation in elastance for each pressure
level using PREDATOR is much smaller compared to the standard algorithm.
The PREDATOR method provides a more accurate respiratory mechanics
identification in the presence of spontaneous breathing and is further tested
and compared to other models in Chapter 8.
Chapter 7
A polynomial model of patient
effort
But effort? Nobody can judge
effort cause effort is between
you and you. Effort ain’t got
nothin’ to do with anybody else.
Ray Lewis
7.1 Introduction
Chapter 6 presented a method of estimating respiratory mechanics in VC
breathing by removing the effect of patient effort on the pressure profile. An
alternative approach to respiratory mechanics involves attempting to capture
patient effort within the model itself. If the demand pressure created by the
patient effort is explicitly modelled, it can be taken into account, and the
underlying respiratory mechanics determined.
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Figure 7.1.b shows how the single compartment model (Bates, 2009) fits
poorly to data where patient breathing effort has a large effect on the air-
way pressure profile. A poorly-fitted model will produce erroneous parameter
identification. It is thus not suitable for clinical application in assessing re-
sponse to care or condition.
Additional parameters can be added to the single compartment model to
capture patient breathing effort. However, care needs to be taken when pa-
rameters are added to avoid parameter trade-off, and difficulties in practically
identifying the model (Docherty et al., 2014). In particular, if identifying an
added input, such as patient effort, the model can ascribe model errors or
measurement noise to the parameter being used to describe patient effort.
7.2 Methods
To model the patient’s respiratory mechanics when patient breathing efforts
are present, an assumed shape of patient effort was used. This shape models
the effect of reverse-triggering observed during mechanical ventilation volume
control mode (Szlavecz et al., 2014; Akoumianaki et al., 2013). The conven-
tional single compartment lung model (Bates, 2009) is modified to include a
patient effort function Pe(t), yielding:
Paw(t) = EV (t) +RV̇ (t) + P0 + Pe(t) (7.1)
Where Paw is airway pressure (cmH2O), E is respiratory system elastance
(cmH2O/L), R is respiratory system resistance (cmH2O·s/L), V is inspired
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Figure 7.1: a shows that a linear combination of flow and volume provides a
good fitting of the single compartment model to airway pressure from clinical
data where there is no patient breathing effort. b. shows a linear combination
of flow and volume is a poor fit to a pressure waveform that is significantly
modified by patient breathing effort
volume (L), V̇ is inspiratory flow (L/s) and P0 is offset pressure. Pe is the per-
turbation in airway pressure caused by the patients respiratory effort during
volume control ventilation.
A disturbance in pressure is chosen, as pressure is the independent vari-
able in volume control mechanical ventilation; and is thus what gets changed
by this effort. A quadratic shape is assumed for the patient effort based on ob-
servation of pressure waveforms from clinical data, as shown in Figure 7.1.b.


















































Figure 7.2: Contributions of pressures from elastance and resistance (a), and
the negative pressure due to patient effort (b) that result in the overall pres-
sure waveform (c).
Pe(t) may thus be generically defined:
Pe(t) =

0 t < ts
at2 + bt+ c ts ≤ t < tf
0 t ≥ tf
(7.2)
where a, b and c define the shape and position of the quadratic effort function.
The times, ts and tf come from the roots of the quadratic function, and
indicate the start and finish respectively of the patient breathing effort.
Eq. (7.2) is only valid where the quadratic function has real valued roots.
Additionally, a should always be positive so that the patient effort is a con-
vex, increasing parabola. Figure 7.2 shows how the parabolic shaped patient
effort is added to the elastic and resistive pressures to obtain a modified air-
way pressure curve. If ts and tf are known, the airway pressure is a linear
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combination of volume, flow, time and time squared. This definition enables
the model parameters E, R, a, b, and c to be identified by multiple linear
regression (Schranz et al., 2012b). The model can then be formulated as
follows: 
V (t0) Q(t0) 0 0 0
... ... ... ... ...
V (ts) Q(ts) t2s ts 1
... ... ... ... ...
V (t) Q(t) t2 t 1
... ... ... ... ...
V (tf ) Q(tf ) t2f tf 1
... ... ... ... ...























Eq. (7.3) can be solved for the best fit parameter values for E, R, a, b, and
c using least squares. In this study, an iterative approach is then (Schranz
et al., 2012b), where the identified a, b, and c are used to find ts and tf
from the roots of the quadratic function, and these new values are used in
a reformulated eq. (7.3) to re-identify E, R, a, b and c. Initial values of ts
and tf are required, and must be reasonably close to the global minimum to
ensure convergence. Otherwise, the solution can converge to a local minimum
that is not the best fit.
7.2.1 Initial value selection for ts and tf
The initial values for ts and tf are determined by fitting the conventional
single compartment lung model using a hierarchical approach (Schranz et al.,
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Figure 7.3: Finding initial values for ts and tf by fitting the conventional
single compartment model. Cyan and blue shaded regions show where
Pmodel > Pdata, as the blue area is larger, the edges of this region are chosen
for initial estimates of ts and tf as shown by the marked circles.
2011). The fitted model has regions where the modelled pressure is lower
than the pressure data. The largest of these regions is likely to be where
the patient effort is occurring. This initial point is found by integrating the
pressure difference over the regions where Pmodel > Pdata. The maximum of
these integrated areas then provides an initial guess for ts and tf , as shown
in Figure 7.3.
7.2.2 Model refinements
If patient breathing effort is not present during inspiration, the use of this
model can result in convergence to physiologically implausible parameters,
such as negative E and R. To ensure the parameter values are reasonable,
and that key features of the airway pressure waveform are modelled by the
appropriate parameters, there are a number of checks made to the converged
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parameter values. If the converged solution fails any of these checks, the
model reverts back to the single compartment model, with no patient effort
estimation.
In particular, both E and R, are constrained between 0 and 500. If a
is negative, the quadratic effort function becomes concave down and can
model the entire inspiration, rather than just the patient effort. Hence, a
is constrained to positive values. If the roots of the patient effort quadratic
function are complex, the model reverts to the single compartment model,
as when the Pe has no negative pressure part, patient effort is not acting on
the pressure profile.
7.2.3 Quantification of patient effort
Patient effort can be calculated by the integral of the patient effort pressure
function with respect to volume. This metric is equivalent to the measurement
of work done on a body of fluid.
7.3 Results
Table 7.1 shows the distribution of identified parameters and model fitting
error across 264 breaths at 5 different levels of PEEP. Figure 7.4 shows three
examples of the model fitting for breaths with and without patient effort.
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Table 7.1: Median [IQR] of identified model parameters, root mean squared
error of the model fit to measured pressure, and estimated patient effort.
(a) Model parameters
PEEP E R a b c
[cmH2O] [cmH2OL−1] [cmH2O s L−1] [cmH2O s−2] [cmH2O s−1] [cmH2O]
15 28.9 [25.5 30.7] 8.52 [7.52 9.03] 63.1 [40.3 75.8] -85.1 [-113.5 -68.6] 27.6 [22.9 36.3]
17 35.0 [30.6 37.9] 7.44 [6.74 8.79] 71.4 [58.7 79.4] -119 [-132 -98.1] 36.8 [28.6 46.7]
19 36.0 [34.0 41.4] 7.97 [6.59 8.64] 57.2 [39.3 65.7] -94.2 [-112 -76.4] 22.6 [7.90 27.5]
21 38.7 [35.7 40.0] 7.93 [7.67 8.31] 38.4 [28.8 1108 -55.5 [-125 -43.9] 9.89 [4.69 17.5]
23 43.3 [42.6 43.8] 8.10 [7.68 8.93] 4340 [4136 4483] -274 [-281 -265] -0.40 [-0.41 -0.38]
(b) Model fitting error and patient effort
PEEP RMSE Effort
[cmH2O] [cmH2O] [cmH2O L]
15 0.819 [0.770 0.880] 0 [0 0.365]
17 0.755 [0.719 0.875] 0.601 [0.106 0.808]
19 0.774 [0.678 0.842] 0.112[0 0.644]
21 0.788 [0.723 0.833] 0.054[0 0.190]
23 0.724 [0.294 0.815] 0.039[0 0.114]
7.4 Discussion
The occurrence of patient effort causes the conventional single compartment
model to perform poorly, as expected. The conventional model resulted in
high model fitting error, and typically overestimates R and underestimates E,
as a result. An example can be seen in Figure 7.4.a, where the conventional
model overestimates pressure early in inspiration, where flow is high and
volume is low, and thus pressure due to resistance dominates.
Poor estimates of elastance and resistance are problematic when attempt-
ing to guide clinical treatment using respiratory mechanics (Pintado et al.,
2013). The polynomial model presented in this study is capable of capturing
patient breathing effort during volume controlled ventilation. By allowing a













































Figure 7.4: Example of three model fits. a. shows reasonably good fitting of
the polynomial model to a breath that has an obvious patient effort in the
later part of the breath, the conventional single compartment model performs
very poorly in this situation. b. shows a poor fitting of the polynomial model
to a breath with a long patient effort. The polynomial model has converged
to a solution that predicts a very high peak pressure. c. shows a breath with
no obvious patient effort, the model has erroneously identified the mismatch
between pressure and flow, at the beginning of inspiration, as a patient effort.
time period to have a perturbation of measured pressure from modelled pres-
sure, it enables E and R to fit better in the region unaffected by patient effort.
In addition, the polynomial parameters were able to provide a unique quan-
tification of patient-specific and breath-specific effort. These efforts observed
in the data used for this study vary breath-to-breath, suggesting breathing
asynchrony, as well as variability. However, the application of these metrics
warrants further investigation.
The polynomial model can only converge to a solution when the initial
estimates for ts and tf are reasonably close to their actual position. In partic-
ular, the values of ts and tf can only move incrementally from one iteration to
the next, in this method, as they are found from the roots of the quadratic
effort function. Therefore, a robust estimation of initial position is impor-
tant to ensure convergence. Using the integrals of the differences in modelled
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pressure and data works well to get ts and tf in the right general area.
The polynomial model is designed to capture breath specific effort during
volume control ventilation modes, and, as such, has only been tested with
volume control clinical data. Patient efforts in volume control are seen as
perturbations in pressure, as the ventilator is controlling flow, and thus vol-
ume. Patient efforts in pressure control modes cause perturbations in flow
profiles, and would therefore require a different modelling approach, based
on estimating flow and volume perturbations.
This model assumes a parabolic breathing effort profile. A parabola was
arbitrarily chosen as it can be described with three parameters, and is easily
linearised for solving the least squares problem. However, there is limited
physiological basis for picking a parabola, and a similar model could be made
using part of a cosine curve or any other function of a similar shape. In this
study, the polynomial model is used as a proof of concept to capture breath-
specific effort variability. Thus, reformulating the model can equally capture
these efforts without parameter trade off.
Patient efforts that occur very early in the breath, or continue for a high
proportion of inspiration, may still cause poor parameter estimations. Fig-
ure 7.4.c shows an example of a relatively early and long patient effort. The
proposed model has a relatively low fitting error in this situation, as the re-
gion of patient effort has low error, but the model predicts a peak airway pres-
sure 80 cmH2O when patient effort is removed, with corresponding elastance
and resistance of 176 cmH2O/L and -0.55 cmH2Os/L, respectively. These
values are not within a physiologically plausible range, and occur because
there is limited data unaffected by patient effort. Data that is unaffected by
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patient effort is required to get a good estimates of E and R, thus pooling
breathing cycles, as presented in Chapter 6 or Bayesian analyses could be
used to increase model stability (Zhao et al., 2012)
Breaths that do not contain an obvious dip in pressure can sometimes
result in a converged solution where elastance and resistance are both close
to zero, and the entire shape of the curve is described by a concave down-
ward parabola. Obviously, this outcome does not reflect the physical cause
of the pressure profile, and, as such, is an inappropriate solution. When this
situation occurs, the model automatically reverts to the conventional single
compartment model.
The polynomial model tends to fit poorly in the region close to ts. This
issue is due to the sudden start of patient effort in the model form of Pe,
which causes a sharp corner in the modelled pressure profile, as can be seen
in Figure 7.4.a. A sharp corner is not really going to exist in the pressure data,
so the data will always cut inside the model at the corner. This small area
of poor fitting could possibly be addressed by using a patient effort function
that has a gradient of 0 at ts, such as half of a cosine curve. Implementing a
cosine function would require a change of the parameter identification process
as it cannot be readily be linearised, as required for multiple linear regression.
Equally, it is a small region and could be ignored, since the overall E and R
parameters identified are relatively unaffected.
This polynomial model has shown promising results but could benefit
from future work by changing the method of parameter identification. Mul-
tiple linear regression is limited to functions that can be linearised, and the
cost function is calculated from equal weighting of error at all data points. A
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different method could be developed to suit this situation with a customised
cost functions that can more strongly penalize error in certain parts of the
breath, and include penalty terms for certain parameter estimations. This
approach would likely remove some of the issues with converging to non-
physiological parameter estimates, such as negative resistance and elastance.
However, as is, the overall method performed well.
The simple model of patient effort defined, allows the level of patient ef-
fort to be quantified breath by breath. Similar metrics are available by using
oesophageal pressure or electrical activity of the diaphragm measurements
(Beck et al., 2001). However, these methods require additional equipment
that is both more invasive and costly, as well as requiring clinician led inter-
ventions.
Monitoring changes in patient-specific breathing efforts during controlled
ventilation modes can indicate to clinicians that a mode of ventilation that
allows spontaneous breathing may be appropriate. Conversely, patient efforts
may be harmful for other clinical reasons, and increased sedation and muscle
relaxants may be appropriate (Rhoney and Murry, 2003). Overall, this rela-
tively simple model of patient effort allows the changes in patient effort to be
monitored over time, different PEEP levels and different ventilator settings.
A more extensive evaluation of the polynomial model is presented in
Chapter 8 where its performance in estimations of E and R is tested against
other models when there is variable patient effort.
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7.5 Summary
Patient breathing efforts occurring during controlled ventilation causes per-
turbations in pressure data, which cause erroneous parameter estimation in
conventional models of respiratory mechanics. A polynomial model of patient
effort can be used to capture breath-specific effort and underlying lung con-
dition. An iterative multiple linear regression is used to identify the model
in clinical volume controlled data. The polynomial model has lower fitting
error and more stable estimates of respiratory elastance and resistance in the
presence of patient effort than the conventional single compartment model.
However, the polynomial model can converge to poor parameter estimation
when patient efforts occur very early in the breath, or have long duration.
The model of patient effort can provide clinical benefits by providing accurate
respiratory mechanics estimation and monitoring of breath-to-breath patient
effort, which can be used by clinicians to guide treatment.
Chapter 8
Comparison of models for
variable patient effort in VC
ventilation
The best material model of a
cat is another, or preferably the
same, cat.
Arturo Rosenblueth and Nobert
Wiener, The Role of Models in
Science
8.1 Introduction
The application of model-based methods for respiratory mechanics identifica-
tion are hindered by patients breathing spontaneously and/or asynchronous
events during mechanical ventilation (Zhao et al., 2011; Lopez-Navas et al.,
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2014b; Damanhuri et al., 2016). These spontaneous breathing efforts cause
highly variable airway pressure or flow profiles, and frequent inaccurate es-
timations of respiratory mechanics parameters if these passive models are
used. As discussed in Section 3.5.2, there are methods of determining respi-
ratory mechanics in spontaneously breathing patients that alter the delivery
of air. Changing the normal operation of the ventilator and additional inva-
sive measurements are clinically undesirable. Hence, there is need for respi-
ratory mechanics models and identification methods that can capture these
spontaneous and/or asynchronous breathing efforts, while maintaining good
respiratory mechanics estimations.
To provide consistent respiratory mechanics monitoring for mechanically
ventilated patients, these models need to be capable of responding to changes
in the frequency and timing of patient effort. In this chapter, the performance
of these selected models was evaluated using mechanical ventilation data that
contains spontaneous breathing efforts during VC ventilation.
8.2 Models and algorithms
All of the models presented here are investigated using data from patients
ventilated on volume control (VC) mode. During VC ventilation, patient
efforts and asynchrony are seen as perturbations of the independent, un-
controlled pressure profile, while the dependent flow input is controlled as
expected by the ventilator. Figure 8.1a shows a typical airway and pressure
waveform of a sedated patient and Figure 8.1b shows the perturbations in
the pressure waveform in the same patient when patient spontaneous effort
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Figure 8.1: Sample breaths from Dataset 2. a. shows a clean pressure, flow,
and volume waveform with no patient effort after sedation has been admin-
istered and b. the patient effort during a breath before sedation has been
administered. As this is from VC ventilation, the flow, and therefore vol-
ume waveforms are very similar, while the major change is in the pressure
waveform.
occurs. Therefore, in many of these models, the airway flow and volume pro-
files can be considered normal, and adjustments are made to enable the use
of pressure waveforms modified by patient effort.
The models presented in this comparison study take two different gen-
eral approaches. The first approach is to capture, rather than remove, the
unmodelled patient effort. They thus model and identify the patient effort
profile. These models have the additional purpose of monitoring some met-
ric of patient effort, such as work of breathing, but do so directly as part
of the model. Polynomial model of effort (see Chapter 7) and constrained
optimisation (see Section 3.5.1) take this approach.
The second approach is to remove and/or minimise the effect of the pa-
tient effort, and eliminate asynchronies. These models were developed for
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the purpose of respiratory mechanics estimation. Pressure reconstruction by
combining breaths (see Chapter 6), and iterative pressure reconstruction (see
Section 8.2.5) take this approach. Post-algorithm comparison of the original
and reconstructed pressure waves can provide an estimate of patient effort .
8.2.1 Linear single compartment model
The linear single compartment model discussed in Section 3.3.1 assumes no
patient effort, and will thus be used as a baseline comparison of the per-
formance of other models when there is spontaneous breathing. The single
compartment model typically performs poorly in the presence of patient ef-
fort, and often misestimates elastance due to the anomaly in airway pressure
caused by patient effort (Brochard et al., 2012). Figure 8.2a shows how the
single compartment model fits to a sample breath during inspiration with a
large patient effort at the end of inspiration.
8.2.2 A polynomial model of effort
The polynomical model of patient effort is presented in Chapter 7 and models
patient effort with a quadratic pressure term in time. It attempts to capture
patient effort in a simple identifiable form. Figure 8.2b shows a sample fitting
of the polynomial model to a sample breath.
8.2.3 Constrained optimisation for patient effort
The constrained optimisation model is discussed in Section 3.5.1. It places
inequality constraints in Eq. (3.11) on the patient effort pressure profile.
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Figure 8.2: Model fitting to a sample breath during inspiration. a The
single compartment model with identified E=6.7 cmH2O/L and R=13.0
cmH2Os/L. b Polynomial effort model, showing the predicted pressure pro-
file in the absence of patient effort. Identified E=35.0 cmH2O/L and R=6.0
cmH2Os/L. c Constrained optimisation approach including the patient effort
profile. Identified E=9.7 cmH2O/L and R=2.1 cmH2Os/L.
Figure 8.2c shows the fitting of this model to a sample breath, and the
identified patient effort profile.
8.2.4 Pressure reconstruction by combining breaths
The pressure reconstruction for eliminating the demand effect of spontaneous
respiration (PREDATOR) method is presented in Chapter 6. Figure 8.3 il-
lustrates the stacking process and the subsequent fitting of the single com-
partment model to the reconstructed pressure profile.
8.2.5 Iterative interpolative pressure reconstruction
An iterative integral pressure reconstruction (IIPR) method (Newberry et al.,
2015) identifies the presence of asynchronous events in the airway pressure
profile, and reconstructs the pressure iteratively through a series of airway



























































Figure 8.3: Pressure reconstruction by combining 5 breaths. The original
breath and the additional 4 breaths are shown together with the recon-
struction and the fitted model. Identified E=25.2 cmH2O/L and R=10.0
cmH2Os/L.
pressure fillings and model identification. This method is an extension of
Damanhuri et al.’s simpler airway pressure filling method to improve the
reconstruction (Damanhuri et al., 2015).
The basic process of IIPR is to identify left and right “shoulders” in the
pressure curve. Next, a single compartment model is fitted between the iden-
tified “shoulders”. Where the measured pressure drops below the modelled
pressure signifies a region of asynchrony. A linear interpolation of pressure
is performed between the “corners” of the asynchrony to create an approx-
imation of pressure unaffected by patient effort. Once the airway pressure
is iteratively reconstructed for a single inspiration, it delivers a final breath-
specific elastance and resistance. This approach thus reconstructs breath by
breath. Figure 8.4 shows the sequential reconstructions that iteratively build
up the pressure profile of a VC inspiration affected by asynchrony.




























































Figure 8.4: Iterative Pressure reconstruction performed on the sample breath.
Moving from left to right shows each successive iteration, followed by the
final reconstructed pressure curve and the model fitting. Identified E=23.5
cmH2O/L and R=9.2 cmH2Os/L.
8.2.6 Pressure reconstruction followed by combining
breaths
In this study, the IIPR method (Section 8.2.5) is combined with the PREDA-
TOR method (Chapter 6), and its performance in respiratory mechanics esti-
mation is evaluated. Five consecutive breaths are individually reconstructed
using the IIPR method. These five reconstructed breaths are then stacked
and combined together using the PREDATOR method. Finally, the single
compartment model is applied over the inspiration region. Figure 8.5 shows
the five reconstructed breaths, and how the model fits to the maximum of
the pressure waveforms.



























































Figure 8.5: Stacking of five breaths that have all been iteratively recon-
structed with IIPR. The five reconstructed breaths are the same as shown in
Figure 8.3. The final stacked and reconstructed pressure profile and model
fitting are shown on the right. Identified E=26.8 cmH2O/L and R=9.6
cmH2Os/L.
Table 8.1: Mechanical ventilation parameters for each patient on the day the
data was recorded, and the primary diagnosis for ICU admission.
Patient 1 2 3 4
Diagnosis Fecal Peritonitis Fecal Peritonitis Cardiac surgery Pneumonia
Vt [mL] 365 370 480 540
RR [1/minute] 18 19 14 18
PEEP [cmH2O] 15 17 11 13
8.3 Methods
8.3.1 Data
Four retrospective Datasets were used for this study from the CURE pilot
patients, see Section 5.2.1. The patients were ventilated on synchronous in-
termittent mandatory ventilation (SIMV) mode with VC ramp flow profile
using PB-840 ventilators (Covidien-Puritan Bennet, Boulder, CO). Details
of the ventilation of each patient are shown in Table 8.1.
Patients were mechanically ventilated and exhibiting asynchronous spon-
taneous breathing on top of ventilator support. The patients were then se-
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dated for clinical reasons. When sedation is administered, the patient’s spon-
taneous breathing efforts cease, enabling the comparison of predicted respira-
tory mechanics from the pre-sedation data with the more reliable respiratory
mechanics estimations from post-sedation data.
A sample of 30 consecutive breathing cycles before and approximately
3 minutes after administration of sedation was selected for this analysis.
No other changes were made to mechanical ventilation between pre-sedation
and post-sedation samples, or immediately prior to the pre-sedation sam-
ple. Figure 8.6 shows the first 10 breathing cycles from each Dataset, both
pre-sedation and post-sedation. The pre-sedation figures illustrate the het-
erogeneous nature of the patient effort that may occur. The overall number of
breaths and patients is designed to show differences in models and minimise
any effect of changing patient condition.
8.3.2 Comparison of methods
Elastance and Resistance before and after sedation
Within a short period, and assuming no major changes occurred in patients
condition as well as mechanical ventilation setting, it is assumed that the res-
piratory mechanics should exhibit only small natural variation (Kim et al.,
2015). Thus, a model should identify E and R values with very little vari-
ability across the 30 consecutive sampled breaths. In addition, identified E
and R values would be very similar pre- and post- sedation, possibly with a
slight increase in elastance after sedation is applied (Richard et al., 2001).
The pre- and post- sedation distributions of E and R are then compared for
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Figure 8.6: Pressure waveforms of the first 10 breathing cycles of each of the
four data sets
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each model and each Dataset. Variability, and the shift in median identified
parameters are used to assess method efficacy.
Variability of parameter estimations
The variability of the parameter estimations (E and R) from each model is
assessed using median absolute deviation (MAD). MAD is calculated from
the median of the distribution of absolute deviations from the sample median.
8.4 Results
Figures 8.7 and 8.8 show the pre-sedation and post-sedations cumulative dis-
tributions of identified elastance and resistance, respectively, for each model
across all Datasets. In Figure 8.7, the smallest change in median estimated
elastance in Datasets 1 and 4 occurs with the II Predator model. Dataset
2 has the smallest change with the polynomial model, and Dataset 3 with
IIPR. Figure 8.8 shows that the smallest change in median estimated resis-
tance occurs in Dataset 1 with the II Predator model, in Datasets 2 and 4
with the single compartment model, and with PREDATOR for Dataset 3.
Additional numerical results are included in Appendix B, Tables B.1
and B.2 with a summary of the differences in distributions of estimated
elastance and resistance. The variability in the estimations of elastance and
resistance are quantified in Tables B.3 and B.4, which present the median
absolute deviations of the model-identified parameters. Variability is also ev-
ident in Figures 8.7 and 8.8, where the less vertical cumulative distribution
curves indicate greater spread across the results.
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The MAD elastance in the pre-sedation data is lowest for II PREDA-
TOR in Datasets 1 and 4, while PREDATOR is lowest in Datasets 2 and 3.
MAD resistance is lowest for II PREDATOR in Datasets 1,2 and 4, while
PREDATOR has the most consistent resistance estimates in Dataset 3. Fig-
ure 8.9 shows a representation of performance of the models. It shows both
the variability of the estimated elastance, and the change in median identi-
fied elastance after the administration of sedation. For each method, values
closer to (0,0) indicate better performance.
8.5 Discussion
8.5.1 Single compartment model
The single compartment model performs exceptionally poorly when there is
any level of asynchronous patient effort. Figure 8.9 demonstrates how this
model can have large differences in median identified elastance (+ symbols)
in this baseline case, and also highly variable elastance and resistance es-
timations, as seen by the very high MAD for some patients in Table B.3.
This poor performance is expected as the model is passive and is not ca-
pable of capturing the effects of noisy and/or asynchronous breathing. The
single compartment model is very simple, easy to identify with clinical data,
and performs well when the patient is sedated with no spontaneous or asyn-
chronous breathing, but is very sensitive to patient effort (Chiew et al., 2014;
Gilstrap and MacIntyre, 2013).
Figure 8.2a shows an example of overestimation of resistance and under-
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Figure 8.7: Distributions of elastance (E), [cmH2O/L] across models and pa-
tients, showing both pre-sedation (dashed) and post-sedation (solid) breaths
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Figure 8.8: Distributions of resistance (R), [cmH2Os/L] across models and pa-
tients, showing both pre-sedation (dashed) and post-sedation (solid) breaths
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Figure 8.9: Graphical representation of performance of each model for elas-
tance estimation for each Dataset. Vertical axis is the difference in medians of
identified elastance for each model, pre- and post-sedation, with one marker
for each patient. The horizontal axis is the sum of median absolute deviation
(MAD) pre-sedation and post-sedation for each model and patient. Differ-
ence in medians, and MAD closer to 0 indicates superior performance of the
model.




































Figure 8.10: Performance of each model in estimating resistance for each
Dataset. The PREDATOR model has the best estimates of resistance as it
has a small difference in median estimated resistance after sedation, and a
low median absolute deviation over all Datasets.
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estimation of elastance that occurs when the airway pressure in the middle of
inspiration is greatly reduced due to patient effort. The single compartment
model is included in this analysis as a baseline for comparison of performance
against the other models, as it does not explicitly account for patient effort.
As such, the single compartment model is expected to have worse perfor-
mance than the other models.
8.5.2 Models to capture patient effort
Both the constrained optimisation and the polynomial model are similar
in the way they attempt to model the unknown patient effort acting on
the basic single compartment model. By approximating the patient effort, it
enables the respiratory mechanics representing the condition of the lung to
be identified.
Constrained optimisation
The constrained optimisation approach, presented by Vicario et al. (2015a)
was designed for estimation of respiratory mechanics in spontaneously breath-
ing patients during pressure control ventilation. In the comparison of methods
presented here, the constrained optimisation approach has been applied to
volume-control ventilation data with patient efforts that are more varied in
timing and size than the data with which the model was developed (Vicario
et al., 2015a). Because of the approach to fitting the model, it is limited to
capturing patient efforts that occur in inspiration, though all other models
presented here also only focus on inspiration.
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More specifically, the constrained optimisation model was not developed
for identifying respiratory mechanics during asynchronous breathing. Instead,
its goal was to capture the magnitude and timing of patient efforts. The
modelled patient effort profile can then, in addition, be used to monitor the
work of breathing (Vicario et al., 2015b). Finally, it also captures respiratory
mechanics, and thus offers a single method for both outcomes with no need
for an extra comparison of pressure waveforms.
Figure 8.11a demonstrates the constrained optimisation model perform-
ing well, on a breath where the patient effort is at the start, and in good
synchrony with the ventilator effort. The constrained optimisation approach
uses the entire breathing cycle of data, rather than just the inspiration part
used by the other models. As the length of time in the expiratory phase is
relatively longer than inspiration, there are more data points, so the model is
preferentially fitted to the expiration data. Respiratory mechanics seen in in-
spiration can vary from those identified during expiration (van Drunen et al.,
2013; Redmond et al., 2015c). The preferential fitting of expiration can often
result in poor model fitting in the region of inspiration unaffected by patient
effort. In general, this behaviour is seen in the poor elastance estimates in
the pre-sedation period in Figure 8.7. In particular, Figure 8.11b shows an
example of the poor fitting in the early part of the breath.
To force preferential fitting of the data to the inspiration part of the cycle,
the expiration part can be completely excluded. However, this choice presents
further difficulties. The constraints applied to the patient effort profile are
not sufficient to ensure a physiologically plausible effort profile, and the result
can be a perfect fitting of the data during inspiration due to an unreasonably
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Figure 8.11: The constrained optimisation model. Part a shows where this
model does not perform very well. The part of inspiration before the obvious
patient effort has a very poor model fit, and subsequently poor estimation of
elastance and resistance. Part b shows the model performing better, and cap-
turing the position of patient effort used to trigger the breath. This breathing
cycle is similar to the type of data that the model was developed on. Part
c shows the same breathing cycle as part a, but with the model only fit-
ted to inspiration, and the patient effort in d. The identified parameters are
physiologically implausible, E ≈ 400cmH2O/L and R ≈ 0 cmH2Os/L.
strong patient effort resulting in physiologically implausible estimates for E
and R. An example of this issue is seen in Figure 8.11c, where the constrained
optimisation model has been fitted for inspiration only to the same breath
in part b. The lower panel shows the unreasonably large patient effort of
150 cmH2O and the modelled pressure profile with patient effort removed.
Finally, changing the weighting between expiration and inspiration yields
results across this spectrum with similar issues.
Hence, the disadvantages of the model are problematic in this application.
However, the model is likely to perform well in patient triggered spontaneous
breathing modes (Vicario et al., 2015a,b). As a result, it performs better in
cases for which it was designed, but less well in the highly variable Datasets
used here, as seen in Figures 8.7 and 8.8.
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Polynomial model
The polynomial model has reasonable success where the patient efforts occur
for a small portion of the inspiration time. However, when the patient efforts
are long, this model can give physiologically implausible results (Redmond
et al., 2015b). When the patient effort is long, there is less inspiratory pres-
sure data unaffected by patient effort, and thus the elastance and resistance
estimations become less reliable. This issue is evident in the highly variable
results presented across all patients in Figure 8.7 for identified elastance be-
fore sedation.
The polynomial model is very similar to the constrained optimisation ap-
proach, although it has a far stricter constraint placed on the patient effort
profile. Constrained optimisation only restricts the patient effort to be mono-
tonically decreasing in the first part, followed by monotonically increasing,
and then constant during expiration. Because the polynomial model places
more constraints on the shape of the effort, it is less likely to fit the patient-
specific effort to the entire inspiration region, as can sometimes occur the con-
strained optimisation model. The main advantage of the polynomial model
is the very simple patient effort profile, although this is also a limitation, as
the exact shape of the unknown patient effort is specified in the model.
8.5.3 Methods to mitigate the effects of patient effort
The PREDATOR, IIPR, and combination of these two methods, have been
developed for the purpose of respiratory mechanics estimations in VC ven-
tilation when there is some form of disturbance to the pressure waveforms.
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Because of this design, model fitting error is not a good way to analyse
the efficacy of these models. The models are not intended to closely fit to
all of the measured data, as certain sections of the data are being rejected
as asynchronous, or corrupted by the unmodelled input from the patient’s
spontaneous breathing efforts.
PREDATOR
The PREDATOR method has reasonably stable parameter estimations, as
low MADs are seen in Datasets 2 and 3, with more variable estimates in
Datasets 1 and 4. Reasonably low variability is expected due to the pooling
and stacking of breaths, though the stacking process also results in higher
pressures in general than are seen in other models. The higher overall pres-
sures come from using the maximum of each pressure as the best estimate
of the waveform in the stacking and reconstruction process. These higher
pressures result in a reasonably consistent higher estimation of elastance
(Redmond et al., 2014c). This offset is the main drawback of the PREDA-
TOR method, and is apparent in Figure 8.9 where the PREDATOR model
tends to have a higher elastance before sedation, due to the asynchronous
breathing that occurs (only) then in this study. This outcome contrasts with
the other methods, which tend to have a slight increase in elastance after
sedation is applied, which is consistent with a small amount of regional lung
collapse due to added sedation (Richard et al., 2001).
PREDATOR has the advantage of being conceptually simple in its im-
plementation. However, the main limitation of this model is that it requires
multiple breaths to obtain an estimate of respiratory mechanics. Thus, there
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is a lag in identified E and R when used in real-time. Additionally, consis-
tent patient efforts very close to the start of inspiration leave a very small
number of data points available for model identification which can lead to
highly variable parameter estimations.
IIPR
Iterative integral pressure reconstruction is generally quite effective at iden-
tifying a stable estimate of respiratory mechanics in this data. As can be
seen in Figure 8.9 and Table B.1, the change in median identified elastance is
generally small, although the variability of the estimated elastance is larger
than might be desired clinically.
IIPR has an advantage over PREDATOR as it only requires one breath
for reconstruction, and can thus perform breath by breath reconstructions.
The single breath advantage is particularly important when using recon-
struction during recruitment manoeuvres where breaths at each PEEP level
may be limited. It thus maximises the data and breaths available in a way
PREDATOR does not. A limitation of IIPR is that it is always a proxy and
a guess for the correct shape while assuming that a passive lung should be-
have according to the single compartment model, as the assumption of linear
single compartment behaviour is made as part of the reconstruction process.
II PREDATOR
Combining IIPR and PREDATOR improved performance of the models pre-
sented here. In some Datasets, II PREDATOR has worse performance in
variability of elastance estimates (Figure 8.7 and Table B.3, Dataset 2 and
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3) than PREDATOR, though in Dataset 1 and 4, PREDATOR has a highly
variable elastance estimate. Figure 8.9 and Table B.3 shows that II PREDA-
TOR has the lowest mean MAD of elastance, and that II PREDATOR has
the least variable elastance estimates across all patient data.
II PREDATOR does have more variable estimates of resistance overall
than PREDATOR, as seen in Figure 8.10 and Table B.4. However, to guide
treatment, elastance is considered more clinically useful than resistance as
it balances the pressure required to obtain a given volume (Carvalho et al.,
2007; Suarez-Sipmann et al., 2007; Chiew et al., 2011). Thus, a consistent
elastance estimate is more clinically beneficial than a consistent resistance
estimate. II PREDATOR has the same disadvantage as PREDATOR as it
has to pool (five) breaths to make a respiratory mechanics estimate. In rec-
ompense for the effort and loss of a breath to breath estimation, it offers the
best performance in elastance estimates of all the models tested.
8.5.4 Model comparison
From the results, II PREDATOR has the best performance in general of all
the models on the data tested. Figure 8.9 shows that in general, II PREDA-
TOR has lower median absolute deviations, suggesting more consistent elas-
tance estimation across the pre- and post- sedation range, and lower differ-
ence in medians. Figure 8.10 shows II PREDATOR is also reasonably good
at resistance estimations, although it has slightly worse performance than
PREDATOR for resistance estimations.
It is hypothesised that the true respiratory system resistance should not
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vary too much when sedation is applied, as there should be very little change
in underlying lung condition over such a short time with no change in MV
settings. Respiratory system elastance could be expected to either stay the
same or have a relatively small increase to account for any regional lung
collapse. Thus, consistency over this range in Figures 8.7 and 8.8, and Ta-
bles B.1 to B.4, with values closer to (0,0) in Figures 8.9 and 8.10, indicates
that II PREDATOR is a better method.
However, depending on the particular respiratory mechanics application,
other models may be more suited to specific applications. For example, in
long term monitoring of a patients condition, where the level of spontaneous
breathing is changing over time, a small difference in medians is the most
important, and a higher level of variation in parameter estimations may be
tolerated. A smaller change in median is also desirable when comparing using
respiratory mechanics in conjunction with a lung imaging technique. In this
situation, having a “correct” value for respiratory mechanics during sedation,
and when patients breathe spontaneously is most important.
For assessing respiratory mechanics over a short period of time, such as
during a short staircase recruitment manoeuvre, where there may be only
a limited number of breaths at each PEEP level, a lower MAD is more im-
portant. During a recruitment manoeuvre, if sedation is kept constant, only
the relative changes in mechanics during PEEP changes is of interest. There-
fore, in this case, less variability in the parameter estimations is desirable. If
PEEP selection is being guided by a particular parameter, such as minimal
elastance (Carvalho et al., 2007; Chiew et al., 2015c), then the most appro-
priate model is the one that provides the lowest MAD for the parameter
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of interest. Tables B.3 and B.4 show II PREDATOR has the lowest MAD
elastance and PREDATOR has the lowest MAD resistance.
8.5.5 Data
This study relies on having data recorded exactly when patients have seda-
tion administered for clinical reasons. This type of data allows the analysis
of models to determine how the models perform with and without patient
effort for a very similar lung condition and unchanged MV settings. Hence,
the observational data available in this study is somewhat limited and not
consistent. While the analysis would be improved with more data, the var-
ied nature of the data that is presented in this work (see Figure 8.6) means
the results are probably reliable. Further validation of the results presented
here could be achieved with a larger observational or interventional trial with
defined periods of sedation as part of a study specific protocol.
A true validation of the respiratory mechanics during spontaneous breath-
ing would only be available with a measure of pleural pressure, as obtained
from an oesophageal pressure catheter. In the absence of this additional in-
vasive monitoring, data from the same patient before and after sedation,
provides a reasonable validation of performance of the models during spon-
taneous breathing effort. Hence, the approach taken here does not impose
patient risk or burden.
It is beneficial to have analysis performed with noisy data from clinical
observation rather than the “clean” and “useful” data that is often used to
develop models. Adding gaussian noise to simulated breathing cycles may
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be beneficial in testing the mathematical and practical identifiability of the
respiratory mechanics model. However, in a clinical scenario, the variability
in patient effort tends to be highly inconsistent (Dickson et al., 2014), and
for models to be clinically applicable, they must be robust to the broad range
of data. Hence, analysis using the type of data presented here is useful and
clinically important.
8.5.6 Limitations of the study
A comparison of model fitting error is not performed here. The reason is
because a lower model fitting error is guaranteed in some models because
of the process of reconstruction, or having many more free parameters. In
addition, fitting the recorded data very closely does not necessarily mean the
model is good. Specifically, there are regions in many breaths where the data
is not expected to match the model due to the patient effort. Hence model
fitting error is not a suitable parameter in this study.
This work solely uses data from VC ventilation. Therefore, the suggestion
of the best model and method to use in the presence of variable patient effort
is limited to this case. Some of these models may also work in pressure control
ventilation modes. However, this assessment would require a separate study
or analysis for which data was unavailable in this study.
8.6 Summary
This chapter compares the poynomial, constrained optimisation, PREDA-
TOR, IIPR and II PREDATOR methods against the single compartment
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model. Each model was tested with 4 volume control datasets before and
after sedation was applied. This allows the comparison of respiratory me-
chanics in the same patient, at close to the same time, with and without
breathing efforts. Each model has specific and unique advantages and limi-
tations. In this dataset II PREDATOR is the preferred method for respira-
tory mechanics estimation in VC ventilation modes where there is variable
added patient-specific spontaneous and asynchronous breathing effort. This
method provides a relatively stable estimate of respiratory mechanics with
small changes in identified parameters when sedation is applied and the pa-
tient effort ceases. Hence, it could be effectively used to extend model-based
methods for guiding mechanical ventilation to the relatively frequent cases
where some patient spontaneous breathing efforts are evident.
Chapter 9
Conclusions
I am glad I did it, partly
because it was well worth it,
and chiefly because I shall never
have to do it again.
Mark Twain
The first three chapters outline the necessity of using respiratory me-
chanics models to attain patient-specific mechanical ventilation treatment.
Changes in the mechanical behaviour of the lungs are inextricably linked with
changes in disease progression. Real-time evaluation of respiratory mechan-
ics can then provide treatment guidance and monitoring of patient condition.
There are many mathematical modelling approaches to explain the mechan-
ical behaviour of the respiratory system with varying degrees of complexity
and physiological accuracy.
Chapter 4 presents a new model that expands the linear single com-
partment model to include a variable resistance term. The resistance varies
linearly with pressure during inspiration. The variable resistance model per-
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forms well compared to the viscoelastic model in VC data. In PS modes,
the variable resistance model and the viscoelastic model have similar model
fitting performance. The variable resistance generally avoids the problem
of identifying non-physiological negative resistance values, which occur fre-
quently using viscoelastic models. In most of the data analysed, resistance
was identified as increasing throughout inspiration as pressure increases which
is counter to expectations. Increased airway resistance at higher airway pres-
sures is possibly a result of decreased airway diameters due to longitudinal
stretching of the airways outweighing the increased airway diameter from
higher airway pressures.
Chapter 5 investigates asynchrony, and methods of automated asynchrony
detection. The existing methods of automated asynchrony detection have
been developed with very limited cross-validation, and while they achieve
good results in the datasets they were developed with, they are not expected
to generalise well. The ALIEN method is tested and optimised on a dataset
of 18114 breaths from 9 patients in the CURE RCT pilot trial. Two machine
learning approaches were also briefly explored for classifying asynchronous
breaths. The naive Bayes classifier had similar performance to the ALIEN
method. The feedforward neural network achieved good performance in the
SPV cohort that it was tested on, but generalised poorly to the data from the
MBV cohort. There remains a need for large and diverse datasets of patient
breathing with many shapes of asynchronous and non-asynchronous breaths,
to enable adequately cross-validated methods to be developed for real-time
monitoring.
Chapters 6 and 7 present two different methods for assessing respiratory
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mechanics in the presence of variable patient effort in volume control ven-
tilation, which is an increasing necessity as clinicians switch to preferring
supported modes of ventilation. Chapter 6 reconstructs the pressure, to de-
termine the likely shape of the pressure profile in the absence of patient effort
by combining information from multiple consecutive breaths. The PREDA-
TOR method generates consistent estimates of elastance and resistance at
the expense a slight positive bias in estimates of elastance and resistance, and
a lower temporal resolution of respiratory mechanics estimates. It generally
performs well, except where the pattern of the patients breathing effort is
consistently early in inspiration.
A polynomial model of patient effort is presented in Chapter 7, where
the pressure drop attributed to the patient’s diaphragmatic contraction is
modelled as a quadratic in time. The model then identifies the magnitude
and timing of the patient effort pressure, and also identifies the elastance and
resistance. The polynomial model has good performance where the duration
of patient effort is small relative to the inspiration time, but where the patient
effort is sustained, the elastance and resistance estimates are less reliable. The
explicit modelling of the patient effort term also allows the calculation of the
patient’s work of breathing, separate from that of the ventilator, enabling
the level of support to be quantified.
Chapter 8 compares five methods for respiratory mechanics estimations
in patients where there is a variable level of patient effort in VC ventilation
modes. Sedation has been administered, which causes the patient effort to
cease. The respiratory mechanics estimates taken from just prior to the ad-
ministration of sedation, and after the sedation has taken effect are compared.
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An ideal model would have consistent estimates of elastance and resistance
that changed little with the application of sedation and the concomitant de-
crease in patient breathing effort. The combined approach of using iterative
interpolative pressure reconstruction on individual breaths, followed by com-
bining these breaths together in a similar manner, as in PREDATOR had
the best results in this dataset. This method provides consistent estimates
of respiratory mechanics, with only small changes in estimates parameters
when sedation is applied. Thus, it is suitable for real-time application at the
bedside to enable PEEP to be guided by minimum elastance.
Overall, this thesis addresses major issues in mechanical ventilation. The
trade-off between elastance and resistance is important, as without a good
estimate of resistance, the identified elastance is prone to error. Resistance
should not be considered constant and the results in this thesis show good
performance when resistance is variable.
Patient effort is an increasingly prevalent difficulty in respiratory me-
chanics modelling, especially as clinicians move to use more supported rather
than controlled modes of ventilation. Methods of reconstructing the pressure
waveform are a valid and useful way of continuing to estimate respiratory
mechanics when patient effort disrupts. The reconstruction methods can be
used to obtain very similar estimates of mechanics in the same patient when
they are spontaneously breathing and when they are sedated. Though pa-
tient effort can be managed with respect to respiratory mechanics estima-
tions, asynchronous patient effort is still difficult to accurately monitor. The
many automated methods of asynchrony detection all struggle to generalise
well to new patient data. Asynchronous breathing is very common, and more
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Good things take time.
Mainland Cheese
10.1 CT validation of respiratory mechanics
There is a need to have a true validation of the recruitment and overdis-
tention changes that occur with changes in PEEP. Computed tomography
imaging can be used to quantify the amount of recruitment and overdisten-
tion. If CT scans are made before and after the elastance has changed in a
patient, the use of elastance as a metric for assessing lung condition could be
validated. There are existing studies that use CT scans to assess recruitment
and overdistention, but they are either in animal models, or lack respiratory
mechanics data.
Malbouisson et al. (2001) took end-expiratory CT images of ARDS pa-
tients at PEEP of 0 cmH2O and 15 cmH2O, and used these images to as-
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sess lung volume and alveolar recruitment. They saw that the application of
PEEP resulted in large alveolar recruitment and a smaller level of distention
and overdistention of previously aerated regions of the lung.
Carvalho et al. (2007) performed end-inspiratory and end-expiratory CT
scans of lower lobes of the lung at every PEEP step in a recruitment ma-
noeuvre in piglets with oleic acid lung injury. The PEEP at which minimum
elastance was observed improved poorly inflated regions and reduced hyper-
inflated regions. PEEP below the minimum elastance PEEP had more poorly
aerated regions. Higher levels of PEEP reduced poorly aerated regions, but
enlarged hyperinflated regions.
Suarez-Sipmann et al. (2007) used a slow reduction in PEEP, with con-
tinuous monitoring of dynamic compliance, to identify the beginning of lung
collapse after recruitment in pigs with lung injury from repeated lavage. CT
scans and oxygenation confirmed that maximum dynamic compliance (min-
imum elastance) immediately preceded the onset of lung collapse.
Borges et al. (2006) used multislice lung CT scans to assess lung col-
lapse and recruitment following an open lung approach to ventilation, and a
maximal recruitment strategy. Hypoxaemia was reversed in the majority of
patients with early ARDS, by recruiting previously collapsed lung regions.
The maximum recruitment strategy recruited the lung significantly better
than the open lung approach.
Carvalho et al. (2008) reported that in injured and non-injured pig lungs,
the PEEP at which elastance was the minimum corresponded to the best
compromise between recruitment and hyperinflation as assessed by CT scans
at end-expiration and end-inspiration.
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There are plans for a trial of this nature where pressure and flow will
be recorded, and a single slice end-expiratory CT scan will be taken before
and after a recruitment manoeuvre. The recruitment manoeuvre will alter
the lung mechanics and change the elastance of the lung at the same PEEP.
Analysis of the hyperinflated and derecruited regions of the lung from the
CT scan will allow the validation of elastance as a measure of recruitment
and overdistention.
10.2 Evaluation of the CURE trial
When I started this PhD, I thought the full CURE trial would be starting
shortly, and by the time I finished I would be inundated with patient data.
Due to a number of different setbacks, the full RCT has not started when I
submit this thesis, though I remain hopeful that it will start before I defend.
The completion of the CURE RCT will generate a large dataset for future
respiratory mechanics research. The trial is planned to have 150 patients in
each of the SPV and MBV arms, for 300 patients in total. The data will
pressure and flow data for up to 28 days of ventilation, frequent arterial blood
gas measurements, continuous SpO2 measurement. The primary outcomes of
the trial will evaluate whether ventilation at a minimal elastance PEEP is
beneficial for patient outcomes compared to standard practice, where PEEP
is selected base on clinicians judgement and stays relatively unchanging over
time.
In addition to the primary patient-centric outcomes, a large quantity of
patient data from CURE will enable lots of future modelling development.
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The large amount of respiratory mechanics data, coupled with blood gas
measurements could allow gas exchange models to be coupled with mechan-
ics models. Predictive models may also be possible with the large cohort
of data. Statistical models could be developed that predict a patients re-
sponse to changes in ventilation parameters, based on that patients previous
changes in respiratory mechanics, and the statistical information about how
the mechanics of other patients have changed in response to treatment.
10.3 Pressure Control
The PREDATOR method from Chapter 6, the polynomial model from Chap-
ter 7, and the comparison of methods in Chapter 8 are all applied to volume
control ventilation. In VC ventilation, as the flow and volume are controlled,
perturbations from patient effort appear in the pressure profile. Originally,
the CURE RCT was going to exclusively use VC modes. Now the trial pro-
tocol has changed and SIMV-PC mode will be used during recruitment ma-
noeuvres. After the RM, SIMV-VC or BiLevel ventilation will be used.
All the methods that were designed to make respiratory mechanics esti-
mates possible without increasing sedation were developed for VC ventilation.
The CURE trial now allows sedation to be used before RMs, but in the fu-
ture it will be beneficial if methods for respiratory mechanics estimation with
patient effort in pressure control are developed. Developing models that cope
with patient effort in PC modes can only be developed when there is adequate
patient data in PC modes, preferably with occasional sedation. This type of
Chapter 10. Future Work 159
data will be available from the CURE RCT, enabling the development of
methods for PC ventilation.
10.4 Asynchrony
Large amounts of pressure and flow waveform data would enable a compre-
hensive analysis of the the causes asynchrony, and their impacts on patient
outcomes. It would be interesting to see if there is a level of patient-ventilator
asynchrony that is well tolerated, and if negative patient outcomes start
occurring above this level. Particular patient conditions or ventilation pa-
rameters may cause more or less AEs. Information about the prevalence of
asynchrony with different ventilation parameters could be used to develop
ventilation protocols that minimise any harmful effects of patient-ventilator
asynchrony.
10.5 Cardiopulmonary interactions
Increases in PEEP cause decreases in cardiac output (Dorinsky and Whit-
comb, 1983). Therefore, providing a patient-specific PEEP for optimal respi-
ratory mechanics may impair cardiac output, and overall gas exchange. The
magnitude of the impact of increased PEEP on cardiac output is patient-
specific. In the future, minimally invasive real-time stroke volume measure-
ments may become available. A continuous measurement of stroke volume,
and thus cardiac output, would enable the impact of changes in PEEP on
the whole cardiopulmonary system to be evaluated. Additional trials would
Chapter 10. Future Work 160
be necessary to determine what trade-off between recruitment and cardiac
output is best for overall patient outcomes.
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Appendix A
Manual classification samples
Figures A.1-20 are examples of breaths from the manual classification pro-
cess discussed in Section 5.2.2. They demonstrate the wide range of wave-
forms recorded, and the difficulty in consistently classifying a breath as asyn-
chronous or not.
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A.1 Breaths with only inspiratory asynchronies























































































Figure A.1: 10 Randomly selected samples of breaths that were classified
having inspiratory asynchrony
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Figure A.2: 10 Randomly selected samples of breaths that were classified
having inspiratory asynchrony
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Figure A.3: 10 Randomly selected samples of breaths that were classified
having inspiratory asynchrony
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Figure A.4: 10 Randomly selected samples of breaths that were classified
having inspiratory asynchrony
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Figure A.5: 10 Randomly selected samples of breaths that were classified
having inspiratory asynchrony
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A.2 Breaths with only expiratory asynchronies























































































Figure A.6: 10 Randomly selected samples of breaths that were classified as
having only expiratory asynchrony
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Figure A.7: 10 Randomly selected samples of breaths that were classified as
having only expiratory asynchrony
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Figure A.8: 10 Randomly selected samples of breaths that were classified as
having only expiratory asynchrony
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Figure A.9: 10 Randomly selected samples of breaths that were classified as
having only expiratory asynchrony
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Figure A.10: 10 Randomly selected samples of breaths that were classified as
having only expiratory asynchrony
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A.3 Breaths with asynchronies in inspiration
and expiration























































































Figure A.11: 10 Randomly selected samples of breaths that were classified
asynchronous in inspiration and expiration
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Figure A.12: 10 Randomly selected samples of breaths that were classified
asynchronous in inspiration and expiration
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Figure A.13: 10 Randomly selected samples of breaths that were classified
asynchronous in inspiration and expiration
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Figure A.14: 10 Randomly selected samples of breaths that were classified
asynchronous in inspiration and expiration
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Figure A.15: 10 Randomly selected samples of breaths that were classified
asynchronous in inspiration and expiration
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A.4 Breaths without asynchronies























































































Figure A.16: 10 Randomly selected samples of breaths that were classified as
non-asynchronous
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Figure A.17: 10 Randomly selected samples of breaths that were classified as
non-asynchronous
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Figure A.18: 10 Randomly selected samples of breaths that were classified as
non-asynchronous
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Figure A.19: 10 Randomly selected samples of breaths that were classified as
non-asynchronous
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Figure A.20: 10 Randomly selected samples of breaths that were classified as
non-asynchronous
Appendix B
Additional results from model
comparison
Table B.1: Median [Interquartile range] of E [cmH2O/L] pre- and post-
sedation for each patient identified with each of the six different models.
∆ is the difference in median, lower quartile and upper quartile of identified
E after sedation is applied
Single PREDATOR IIPR II PREDATOR Polynomial ConstrainedCompartment Optimisation
1
Pre -14.0 [-17.6 : -12.0] 45.2 [43.1 : 48.9] 29.1 [20.5 : 30] 30.4 [29.7 : 31.8] 54.5 [49.4 : 64.1] -1.70 [-2.49 : -0.54]
Post 27.0 [26.5 : 27.2] 28.7 [28.1 : 28.9] 26.1 [25.6 : 26.8] 32.1 [31.5 : 32.4] 26.4 [26.1 : 27] 30.5 [29.7 : 30.8]
∆ 41.0 [44.1 : 39.2] -16.6 [-15 : -19.9] -3.01 [5.08 : -3.27] 1.74 [1.78 -0.59] -28.1 [-23.3 : -37.1] 32.2 [32.2 : 31.3]
2
Pre 45.2 [43.1 : 48.9] 29.1 [20.5 : 30] 54.5 [49.4 : 64.1] 25.2 [24.8 : 29.8] -1.7 [-2.49 : -0.54] 30.4 [29.7 : 31.8]
Post 28.7 [28.1 : 28.9] 26.1 [25.6 : 26.8] 26.4 [26.1 : 27] 28.3 [28.0 : 29.8] 30.5 [29.7 : 30.8] 32.1 [31.5 : 32.4]
∆ 14.1 [20.5 : -0.74] -1.62 [-0.97 : -1.94] 4.55 [7.7 : 0.57] 3.09 [3.27 : -0.09] -1.1 [5.11 : -5.8] 13.2 [17.3 : 8.91]
3
Pre 29.0 [28.2 : 29.5] 22.5 [19.1 : 26.7] 28.4 [21.7 : 33.9] 20.6 [19.8 : 24.5] 16.9 [12.5 : 21.3] 25.2 [24.8 : 29.8]
Post 27.3 [27.2 : 27.5] 27.1 [26.8 : 27.2] 27.3 [26.8 : 28.1] 21.8 [21.4 : 22.5] 30.0 [29.8 : 30.2] 28.3 [28 : 29.8]
∆ -1.25 [0.92 : -2.31] -2.87 [-2.59 : -2.92] 0.64 [2.95 : -1.23] 1.26 [1.60 : -2.02] 1.7 [5.17 : 0.82] 5.87 [8.23 : 3.49]
4
Pre 23.1 [22.4 : 23.3] 19.2 [16.5 : 21.5] 17.8 [13.8 : 20] 21.1 [20.9 : 21.7] 17.4 [14.7 : 20.0] 20.6 [19.8 : 24.5]
Post 20.2 [19.8 : 20.4] 19.8 [19.5 : 20.3] 19.5 [19.0 : 20.8] 21.7 [21.6 : 21.9] 23.2 [22.9 : 23.5] 21.8 [21.4 : 22.5]
∆ 1.14 [3.64 : 0.60] -4.7 [-2.11 : -3.44] 1.0 [1.64 : 0.76] 0.62 [0.70 : 0.24] 2.5 [3.12 : 1.09] 3.65 [4.37 : 1.2]
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Table B.2: Median [IQR] of R [cmH2Os/L] pre- and post-sedation for each
patient identified with each of the six different models. ∆ is the difference
in median, lower quartile and upper quartile of identified R after sedation is
applied
Single PREDATOR IIPR II PREDATOR Polynomial ConstrainedCompartment Optimisation
1
Pre 18.6 [16.1 : 18.8] 7.48 [7.12 : 8.03] 10.2 [9.72 : 10.8] 9.01 [8.81 : 9.22] 5.3 [4.41 : 5.62] -5.94 [-7.0 : -4.89]
Post 11.3 [11.1 : 11.4] 10.1 [9.99 : 10.2] 11.5 [11.3 : 11.7] 8.19 [8.11 : 8.31] 11 [10.3 : 11.1] 8.91 [8.69 : 9.11]
∆ -7.3 [-5.0 : -7.44] 2.58 [2.86 : 2.18] 1.32 [1.59 : 0.88] -0.82 [-0.70 : -0.91] 5.68 [5.85 : 5.46] 14.8 [15.7 : 14.0]
2
Pre 8.90 [-0.89 : 14.2] 8.4 [8.16 : 8.62] 10.7 [10.1 : 11.9] 9.14 [8.96 : 9.59] 6.06 [-4.09 : 7.37] 2.48 [1.89 : 2.96]
Post 8.90 [8.62 : 9.12] 8.75 [8.56 : 8.97] 8.84 [8.59 : 9.1] 7.68 [6.96 : 8.00] 8.07 [7.5 : 8.69] 8.7 [8.64 : 8.79]
∆ -0.002 [9.51 : -5.08] 0.34 [0.40 : 0.35] -1.81 [-1.51 : -2.81] -1.46 [-2.0 : -1.59] 2.0 [11.6 : 1.32] 6.21 [6.75 : 5.83]
3
Pre 5.82 [5.16 : 6.31] 7.23 [6.77 : 7.57] 9.45 [6.78 : 13.2] 8.90 [7.57 : 10.7] 2.34 [1.79 : 2.76] 3.97 [3.25 : 4.42]
Post 7.66 [7.30 : 7.92] 7.84 [7.65 : 7.9] 7.78 [7.47 : 8.03] 6.46 [6.31 : 6.55] 6.76 [6.23 : 7.2] 6.53 [6.34 : 6.71]
∆ 1.85 [2.13 : 1.61] 0.61 [0.88 : 0.33] -1.68 [0.69 : -5.12] -2.44 [-1.27 : -4.12] 4.42 [4.43 : 4.43] 2.56 [3.1 : 2.29]
4
Pre 11.5 [11.3 : 12] 8.79 [8.45 : 9.53] 11.1 [10.8 : 11.5] 9.45 [9.28 : 9.76] 9.82 [9.47 : 10.6] 8.09 [7.78 : 8.34]
Post 11.5 [11.3 : 11.6] 9.7 [9.28 : 9.99] 11.2 [10.8 : 11.7] 9.24 [9.17 : 9.4] 9.89 [9.76 : 10.5] 8.8 [8.62 : 8.93]
∆ -0.01 [-0.01 : -0.42] 0.91 [0.84 : 0.46] 0.07 [0.03 : 0.16] -0.21 [-0.11 : -0.36] 0.07 [0.30 : -0.10] 0.71 [0.84 : 0.60]
Table B.3: Median absolute deviations of identified elastance, E [cmH2O/L],
for each model in each Dataset.
Single PREDATOR IIPR II PREDATOR Polynomial ConstrainedCompartment Optimisation
1 Pre 2.21 2.85 2.02 0.818 7.65 1.12Post 0.347 0.335 0.591 0.455 0.455 0.328
2 Pre 7.80 0.765 3.50 0.946 6.35 4.43Post 0.19 0.155 0.161 0.284 0.529 0.222
3 Pre 2.12 0.536 2.49 0.863 3.20 2.67Post 0.509 0.267 0.443 0.584 0.642 0.265
4 Pre 1.35 4.02 0.506 0.392 1.64 1.44Post 0.356 2.78 0.257 0.185 0.413 0.381
Mean 1.86 1.46 1.25 0.566 2.61 1.36
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Table B.4: Median absolute deviations of identified resistance,R [cmH2Os/L],
for each model in each Dataset.
Single PREDATOR IIPR II PREDATOR Polynomial ConstrainedCompartment Optimisation
1 Pre 0.712 0.364 0.554 0.211 0.571 1.05Post 0.144 0.108 0.181 0.118 0.162 0.215
2 Pre 5.68 0.229 0.922 0.231 1.59 0.580Post 0.223 0.215 0.257 0.419 0.588 0.0711
3 Pre 0.553 0.349 3.20 1.67 0.469 0.705Post 0.331 0.0937 0.280 0.112 0.488 0.184
4 Pre 0.386 0.557 0.375 0.255 0.594 0.305Post 0.154 0.354 0.400 0.0805 0.232 0.157
Mean 1.02 0.284 0.771 0.387 0.587 0.408
